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Summary. Hyperspectral image processing has been a very active area in remote
sensing and other application domains in recent years. Despite the availability of a
wide range of advanced processing techniques for hyperspectral data analysis, a great
majority of available techniques for this purpose are based on the consideration of
spectral information separately from spatial information information, and thus the two
types of information are not treated simultaneously. In this chapter, we describe several
spatial-spectral techniques for dimensionality reduction, feature extraction, unsuper-
vised and supervised classification, spectral unmixing and compression of hyperspectral
image data. Most of the techniques addressed in this chapter are based on concepts
inspired by mathematical morphology, a theory that provides a remarkable framework
to achieve the desired integration. Parallel implementations of some of the proposed
techniques are also developed to satisfy time-critical constraints in remote sensing ap-
plications, using NASA’s Thunderhead Beowulf cluster for demonstration purposes
throughout the chapter. Combined, the different topics covered by this chapter offer
a thoughtful perspective on future potentials and emerging challenges in the design of
robust spatial-spectral techniques for hyperspectral image analysis.

7.1 Introduction

Hyperspectral imaging is concerned with the measurement, analysis, and inter-
pretation of spectra acquired from a given scene (or specific object) at a short,
medium or long distance by an airborne or satellite sensor [1]. The concept of
hyperspectral imaging originated at NASA’s Jet Propulsion Laboratory in Cali-
fornia, which developed instruments such as the Airborne Imaging Spectrometer
(AIS), then called AVIRIS, for Airborne Visible Infra-Red Imaging Spectrometer
[2]. This system is now able to cover the wavelength region from 0.4 to 2.5 μm
using more than two hundred spectral channels, at nominal spectral resolution
of 10 nm. As a result, each pixel vector collected by a hyperspectral instrument
can be seen as a spectral signature or fingerprint of the underlying materials
within the pixel (see Fig. 7.1).

The special characteristics of hyperspectral datasets pose different process-
ing problems, which must be necessarily tackled under specific mathematical
formalisms, such as feature extraction, classification and segmentation, spectral
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Fig. 7.1. The concept of hyperspectral imaging

mixture analysis, or data compression [3]. For instance, several computational
intelligence-related techniques have been applied to extract relevant informa-
tion from hyperspectral data during the last decade [4]. Taxonomies of remote
sensing data processing algorithms (including hyperspectral analysis methods)
have been developed in the literature [5]. It should be noted, however, that most
available hyperspectral data processing techniques have focused on analyzing
the data without incorporating information on the spatially adjacent data, i.e.,
hyperspectral data are usually not treated as images, but as unordered list-
ings of spectral measurements where the spatial coordinates can be randomly
shuffled without affecting the analysis [6]. However, one of the distinguishing
properties of hyperspectral data, as collected by available imaging spectrome-
ters, is the multivariate information coupled with a two-dimensional pictorial
representation amenable to image interpretation. Subsequently, there is a need
to incorporate the image representation of the data in the development of ap-
propriate application-oriented techniques for the understanding of hyperspectral
data [7].
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Specifically, the importance of analyzing spatial and spectral patterns simul-
taneously has been identified as a desired goal by many scientists devoted to
hyperspectral data analysis [6], [8]. This type of processing has been approached
in the past from various points of view. For instance, techniques have discussed
the refinement of results obtained by applying spectral-based techniques to mul-
tispectral images (with tens of spectral channels) through a second step based on
spatial context [9]. Such contextual classification, extended also to hyperspectral
images [6], accounts for the tendency of certain ground cover classes to occur
more frequently in some contexts than in others. This approach consists of two
parts: the definition of a pixel neighborhood (surrounding each pixel) and the
performance of a local operation so that the pixel may be changed into the label
mostly represented in the window that defines the neighborhood. This simple
operation separates spatial from spectral information, and thus the two types of
information are not treated simultaneously.

In previous work, we have explored the application of mathematical morphol-
ogy operations to integrate both spatial and spectral responses in hyperspectral
data analysis [10], [11]. Mathematical morphology is a non-linear spatial pro-
cessing technique that provides a remarkable framework to achieve the desired
integration [12]. It was originally defined for binary images [13] and soon ex-
tended to greyscale and color image cases, but it has been seldom used to pro-
cess hyperspectral images. In this chapter, we provide detailed insight on the use
of extended morphological operations for integrating spatial and spectral infor-
mation in different steps comprising the entire hyperspectral image processing
chain, from the moment the data is collected onboard the sensor to the time in
which an application-oriented outcome is provided to end-users.

Specifically, the main contribution of this chapter is the development and
validation of a set of highly innovative techniques for spatial-spectral analysis of
hyperspectral image scenes in the following relevant areas:

1. Dimensionality reduction. A new method for spatial-spectral feature ex-
traction, based on morphological concepts, is developed and compared to
a standard spectral-based technique for dimensionality reduction, i.e., the
principal component transform (PCT) [3].

2. Unsupervised classification/segmentation. A novel methodology for
unsupervised image classification/segmentation is developed by extending
the morphological watershed transformation (commonly used for unsuper-
vised segmentation of grayscale images) to hyperspectral image processing.
This technique is compared to a standard approach for unsupervised classi-
fication of multicomponent data, i.e., the ISODATA algorithm [3].

3. Spectral mixture analysis. In order to address the problem of mixed
pixels, resulting from the limited spatial resolution and also from naturally-
occurring mixing phenomena, we develop two separate contributions:
• Endmember extraction. First, we develop a new iterative version of

a previously developed morphological method for extraction of pure spec-
tral signatures (called endmembers in hyperspectral analysis terminology).
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The algorithm allows propagation of pure pixels between subsequent iter-
ations, as opposed to the previous version of the algorithm. This algorithm
is compared to other standard endmember extraction algorithms such as
Pixel Purity Index (PPI) [14] or N-FINDR [15].

• Unmixing. Then, we develop a new spatial-spectral unmixing procedure
based on the endmembers derived by the proposed extended morpholog-
ical endmember extraction method. This technique is compared to other
unmixing techniques in the literature such as unconstrained and fully
constrained linear spectral unmixing [16], [4].

4. Data compression. In order to address the problems introduced by the
extremely large volume of hyperspectral image data sets, we also develop a
new spatial-spectral compression algorithm based on morphological concepts
and compare the algorithms with standard techniques for data compression
such as Set Partitioning in Hierarchical Trees (3D-SPIHT) [17] and JPEG
2000 multicomponent [18].

5. Parallel implementations. Last but not least, we develop high perfor-
mance computing implementations [19] for all the spatial-spectral algo-
rithms introduced in this chapter and thoroughly assess their performance
on the 568-processor Thunderhead Beowulf cluster of computers at NASA’s
Goddard Space Flight Center in Maryland. The detailed cross-validation
of parallel hyperspectral processing algorithms in different application do-
mains, conducted in this chapter using a massively parallel computing plat-
form, may help image analysts in selection of parallel algorithms for specific
applications.

The remainder of the chapter is structured as follows. Section 7.2 presents the
proposed framework to extend mathematical morphology to hyperspectral im-
ages. Section 7.3 provides a framework for parallel implementation of morpho-
logical spatial-spectral algorithms for hyperspectral image processing. Section 7.4
develops a collection of parallel morphological algorithms for dimensionality
reduction (P-MORPHDIM), watershed-based classification (P-WSHED), mor-
phological endmember extraction (P-MORPHEE),morphological spectral unmix-
ing (P-MORPHSU), and morphological data compression (P-MORPHCOMP).
These algorithms have been designed to be efficiently run on commodity cluster
computing platforms. Section 7.5 presents experimental results and comparisons
to other standardized algorithms in the literature, using two well-known, publicly
available hyperspectral scenes: the AVIRIS Indian Pines scene and the AVIRIS
Cuprite scene, both widely used as benchmark data to validate classification and
spectral unmixing accuracy in hyperspectral imaging applications. This section
also includes performance results on the Thunderhead massively parallel cluster,
along with a summary of the main observations and lessons learned after the de-
tailed quantitative and comparative assessment of algorithms conducted in this
chapter. Finally, Section 7.6 concludes with some remarks and hints at plausible
future research.
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Fig. 7.2. Graphical interpretation of morphological erosion and dilation operations

7.2 Extended Mathematical Morphology

Mathematical morphology is a theory for spatial structure analysis that was es-
tablished by introducing fundamental operators applied to two sets [13]. A set is
processed by another one having a carefully selected shape and size, known as the
structuring element (SE). The two basic operations of mathematical morphol-
ogy are erosion and dilation. These operators can be graphically illustrated (in
the context of greyscale morphology) by viewing the image data as an imaginary
topographic relief in which the brighter the gray tone, the higher the correspond-
ing elevation. With this assumption in mind, morphological operations can be
interpreted as the result of sliding a SE over the topographical relief, so that the
SE defines the new (dilated or eroded) scene based on its spatial properties such
as height or width (see Fig. 7.2).

Extension of morphological operators to multichannel data such as hyper-
spectral imagery with hundreds of spectral channels is not straightforward. A
simple approach consists in applying grayscale morphology techniques to each
channel separately, an approach that has been called marginal morphology in
the literature [20]. However, the marginal approach is often unacceptable in re-
mote sensing applications because, when morphological techniques are applied
independently to each image channel, analysis techniques are subject to the
well-known problem of false colors; that is, it is very likely that new spectral
constituents (not present in the original hyperspectral image) may be created
as a result of processing the channels separately. An alternative (and perhaps
more appropriate) way to approach the problem of multichannel morphology
is to treat the data at each pixel as a vector [12]. Unfortunately, there is no
unambiguous means of defining the minimum and maximum values between
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two vectors of more than one dimension, and thus it is important to define an
appropriate arrangement of vectors in the selected vector space.

In this chapter, we develop an application-driven vector ordering technique
based on a spectral purity-based criterion [10], where each pixel vector is ordered
according to its spectral distance to other neighboring pixel vectors in the N -
dimensional data set f. More specifically, we adopt a distance-based technique
which utilizes a cumulative distance between one particular pixel vector f(x, y),
where (x, y) indicates the spatial coordinates, and all the pixel vectors in the
spatial neighborhood given by a SE denoted by K as follows [7]:

CK(f(x, y)) =
∑

(s,t)∈K

SAD(f(x, y), f(s, t)), (7.1)

where SAD is the spectral angle distance [4]. The SAD between two pixel vectors
f(x, y) and f(s, t) is given by the following expression:

SAD(f(x, y), f(s, t)) = cos−1
(

f(x, y) · f(s, t)
‖f(x, y)‖ · ‖f(s, t)‖

)
. (7.2)

As a result,CK(f(x, y)) is given by the sum of SAD scores between f(x, y) and
every other pixel vector in the K-neighborhood. At this point, we need to be
able to define a maximum and an minimum given an arbitrary set of vectors
S = {v1,v2, · · · ,vp}, where k is the number of vectors in the set. This can be
done by computing CK(S) = {CK(v1), CK(v2), · · · , CK(vk)} and selecting vi

such that CK(vi) is the minimum of CK(S), with 1 ≤ i ≤ k. In similar fashion,
we can select vj such that CK(vj) is the maximum of CK(S), with 1 ≤ j ≤ p.
Based on the definitions above, the extended erosion f � K consists of selecting
the K-neighborhood pixel vector that produces the minimum CK value as follows
[10]:

(f � K)(x, y) = argmin(s,t)∈K{CK(f(x + s, y + t)}. (7.3)

On the other hand, the extended dilation f ⊕ K selects the K-neighborhood
pixel that produces the maximum value for CK as follows [10]:

(f ⊕ K)(x, y) = argmax(s,t)∈K{CK(f(x − s, y − t)}. (7.4)

For illustrative purposes, Fig. 7.3 shows a graphical representation of the per-
formance of these two basic operators using a toy example in which a synthetic
hyperspectral image is used for demonstration. As can be seen in Fig. 7.3, mor-
phological dilation expands the spatial regions made up of pure pixel vectors
in accordance with the spatial neighborhood defined by a 3 × 3 SE, while mor-
phological erosion expands the regions made up of highly mixed pixel vectors
in accordance with the same spatial neighborhood. In order to avoid changing
the size and shape of the features in the image, a desirable feature for spatial
filtering, extended morphological opening and closing operations have also been
defined, respectively, as follows: (f ◦ K)(x, y) = [(f � K) ⊕ K](x, y), i.e., erosion
followed by dilation, and (f•K)(x, y) = [(f⊕K)�K](x, y), i.e., dilation followed
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Fig. 7.3. Toy example showing the performance of extended morphological operations

by erosion [21]. With the above definitions in mind, the morphological gradient
at f(x, y) using K can be defined as:

GK(f(x, y)) = SAD((f ⊕ K)(x, y), (f � K)(x, y)). (7.5)

7.3 Parallel Implementation of Morphological Operations

This section discusses the development of parallel implementations for spatial-
spectral hyperspectral image processing algorithms. An important consideration
for this kind of algorithms is that, as shown by previous sections, these com-
bined techniques make use of the information provided by the entire pixel vector
as a whole and the spectral signature at a specific spatial location (x, y) is the
minimum unit of information processed by the considered distance metric (i.e.,
the SAD distance). This source of information (spectral) is potentially comple-
mented with that provided by other neighboring signatures to incorporate spatial
context. The above consideration has a significant impact on the design of data
partitioning strategies for parallelization purposes [22]. In particular, it has been
shown in the literature that domain decomposition techniques provide flexibility
and scalability in parallel multichannel image processing [23]. In parallel mor-
phological processing for hyperspectral imaging, two types of partitioning can
be exploited: spectral-domain partitioning and spatial-domain partitioning [24]:

1. Spectral-domain partitioning subdivides the volume into sub-volumes
made up of contiguous spectral bands [see Fig. 7.4(a)], and assigns one or
more sub-volumes to each processor. With this model, each pixel vector may
be split amongst several processors and the communication cost associated
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Fig. 7.4. (a) Spectral-domain, and (b) spatial-domain partitioning of a sample hyper-
spectral image cube

to the computations based on spectral signatures would be increased [22]. In
this option, the minimum amount of information to be processed in parallel
corresponds to a portion of the entire spectral signature allocated to a given
specific location (x, y).

2. Spatial-domain partitioning subdivides the original data volume into
slabs [see Fig. 7.4(b)] which are made up of (contiguous) pixel vector rows,
thus retaining the full spectral information associated to each pixel vector at
the same processor. In this option, the minimum amount of information to
be processed in parallel corresponds to the entire spectral signature allocated
to a given spatial location (x, y).

In order to exploit parallelism as much as possible, we have adopted a stan-
dard master-slave parallel processing paradigm combined with spatial-domain
partitioning for the parallel implementations developed in this chapter [25]. The
master-slave paradigm has been shown in previous work to perform effectively
in the context of parallel image processing applications. On the other hand, our
selection of spatial-domain instead of spectral-domain data partitioning is due
to the following major reasons:

• First and foremost, spatial-domain partitioning is a natural approach for
low-level image processing as many image processing operations require the
same function to be applied to a small set of elements around each entire
pixel vector in the image volume.

• A second major reason for our decision of adopting a spatial-domain decom-
position framework in our application is that, in spectral-domain partition-
ing, the calculations made for each pixel vector need to originate from several
processors and thus require intensive inter-processor communication. This is
generally perceived as a shortcoming for parallel design, because the over-
head introduced by inter-processor communication would increase linearly
with the increase in the number of processing elements, thus complicating
the design of scalable parallel algorithms.
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Fig. 7.5. (a) 3 × 3 SE computation split among two processing elements. (b) Intro-
duction of an overlap border to minimize inter-processor communication in a 3 × 3 SE
computation.

• A final major issue is code reusability; to reduce code redundancy and en-
hance portability, it is desirable to reuse much of the code for the sequential
algorithm in the design of its correspondent parallel version and the spatial-
domain decomposition approach greatly enhances code reuse.

A final consideration regarding hyperspectral data partitioning for morpho-
logical processing is noteworthy. In this type of processing, additional inter-
processor communications will be required when the SE-based computation
needs to be split amongst several different processing when the SE is centered
around a pixel vector located in the border of one of the local partitions result-
ing after spatial-domain decomposition, as illustrated by Fig. 7.5(a), in which a
small SE with 3 × 3 pixels in size is used for demonstration. In this case, the
computations for the pixel vector at spatial coordinates (5, 3) in the original im-
age, denoted by f(5, 3), will need to originate from two processing elements since
this pixel becomes a border pixel after spatial-domain partitioning. As a result,
a communication overhead involving three N -dimensional pixel vectors (located
in partition #2) is required in order to complete the SE-based computation for
the pixel vector f(5, 3) in partition #1 (the same comment applies to all pixels
in the third row of partition #1).

However, if an overlap border is carefully added to partition #1 (consisting
of the entire first row of pixels allocated to partition #2), as illustrated in Fig.
7.5(b), then boundary data no longer need to be exchanged between neighboring
processors in order to complete all calculations at partition #1, and therefore this
data partition can be processed locally without the need for inter-processor com-
munications. It is clear that such an overlap border would introduce redundant
computations since the intersection between the two involved partitions would be
non-empty. As a result, the solution above may be prohibitive for large SE sizes.
Subsequently, for a given parallel platform, there is an application-dependent
threshold to decide whether a redundant-information-based or data-exchange-
based strategy should be adopted. This issue has been recently explored in [24]
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concluding that, for small SE sizes, a redundant-computation strategy is gener-
ally preferred.

7.4 Parallel Spatial-Spectral Algorithms

This section describes several parallel algorithms for spatial/spectral processing
of hyperspectral images. Four types of parallel algorithms are considered: 1)
dimensionality reduction; 2) unsupervised classification; 3) spectral unmixing;
and 4) data compression.

7.4.1 Parallel Dimensionality Reduction (P-MORPHDIM)

One of the most widely used dimension reduction techniques in remote sensing is
the PCT [3], which computes orthogonal projections that maximize the amount
of data variance, and yields a dataset in a new uncorrelated coordinate system.
This rotational transform is characterized by its global nature and, therefore,
it might not preserve all the information useful to obtain a good classification
[11]. In addition, the PCT relies on spectral properties of the data alone, thus
neglecting the information related to the spatial arrangement of the pixels in the
scene.

In the following, we develop a new parallel algorithm for morphological feature
extraction which integrates the spatial and spectral information in simultaneous
fashion. To achieve this goal, we apply sequences of extended opening by recon-
struction operations using SE’s of varying width (called morphological profiles)
[21]. This type of morphological sequences have been applied in the past to char-
acterize image structures in grayscale remotely sensed image data [26]. In this
chapter, we extend this concept to feature extraction from hyperspectral image
data, with the goal to capture the spatial and spectral information around each
pixel vector through the combination of spatial-spectral morphological opera-
tions for increasingly larger spatial neighborhoods. It is important to emphasize
that the use of opening and closing operations is essential for spatial-spectral
filtering [11]. With this type of operators, the image features are either com-
pletely retained or completely removed in accordance with the size and shape
of the structuring element, thus allowing us to perform accurate image filtering
based on spatial-spectral content. The inputs to the parallel algorithm, called
P-MORPHDIM, are an N -dimensional hyperspectral image cube, f, a maximum
number of filtering iterations, t, and a structuring element K with constant size
of 3 × 3 pixels. The output is a transformed image cube, denoted by g. The
parallel algorithm is given by the following steps:

1. The master divides the original image cube f into P spatial-domain parti-
tions, where P is the number of processors in the system. In order to avoid
excessive inter-processor communication during morphological processing,
the partitions are formed using overlap borders, as described in Fig. 7.5(b).

2. Each worker performs spatial-spectral filtering on its local spatial-domain
partition using the following sequence of steps:
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a) Compute an extended opening by reconstruction for each local pixel
f(x, y) as (f ◦ K)t(x, y) = mint≤1{δt

K(f ◦ K|f)(x, y)}, with the basic
operation δt

K(f◦K|f)(x, y) = δBδB · · · δB(f◦K|f)(x, y), i.e., δB is applied
t times, and δB(f ◦ K|f)(x, y) = min{[(f ◦ K) ⊕ K](x, y), f(x, y)}.

b) Compute an extended closing by reconstruction for each local pixel
f(x, y) as (f • K)t(x, y) = mint≤1{δt

K(f • K|f)(x, y)}, with the basic op-
eration δt

K(f • K|f)(x, y) = δBδB · · · δB(f • K|f)(x, y), i.e., δB is applied
t times, and δB(f • K|f)(x, y) = min{[(f • K) � K](x, y), f(x, y)}.

c) Compute the derivative of the extended opening profile as follows:
p◦

t = {SAD[(f ◦ K)λ(x, y), (f ◦ K)λ−1(x, y)]}, with λ = {1, 2, · · · , t}.
Here, f(x, y) = (f ◦ K)0(x, y) for λ = 0 by the definition of extended
opening by reconstruction.

d) Compute the derivative of the extended closing profile as shown below:
p•

t = {SAD[(f•K)λ(x, y), (f•K)λ−1(x, y)]}, with λ = {1, 2, · · · , t}. Here,
f(x, y) = (f •K)0(x, y) for λ = 0 by the definition of extended closing by
reconstruction.

e) Form a (2t − 1)-dimensional morphological profile for each local pixel
f(x, y) by combining the derivatives of the extended opening and clos-
ing profiles as follows: MP(x, y) = {p◦

t (x, y),p•
t (x, y)}. The resulting

morphological profile can be seen as a spatial-spectral feature vector on
which a subsequent classification procedure may be applied.

3. The master processor gathers the individual (2t − 1)-dimensional profiles
provided by the workers and merges them into a new data cube g with
2t−1 components. As shown by the parallel description above, this approach
requires minimal coordination between the master and the workers, namely,
at the beginning and ending of the parallel process, although it is subject to
a redundant computation overhead introduced by the overlap borders used
by the proposed data partitioning strategy.

7.4.2 Parallel Unsupervised Classification (P-WSHED)

This subsection provides a new parallel algorithm for unsupervised classification
of hyperspectral images based on the morphological watershed transformation
[27], originally introduced for grayscale images. This technique relies on a marker-
controlled approach that considers the grayscale image as imaginary topographic
relief in which, the brighter the intensity, the higher the corresponding elevation
(see Fig. 7.2). Let us assume that a drop of water falls on such a topographic
surface. The drop will flow down along the steepest slope path until it reaches
a minimum. The set of points of the surface whose steepest slope path reach a
given minimum constitutes the catchment basin associated with that minimum,
while the watersheds are the zones dividing adjacent catchment basins [12]. De-
spite its encouraging results in several applications, the watershed transforma-
tion has not been fully exploited in multichannel image analysis, mainly due to
the lack of well-defined vector ordering strategies required by basic morphological
operations. In this chapter, we develop a multichannel watershed classification
algorithm which consists of three main stages:
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1. Minima selection. In order to select ‘markers’ or minima from which the
watershed transform is started, we hierarchically order all minima according
to their deepness, and then select only those above a threshold. The deepness
of a basin is the level the water would reach, coming in through the minimum
of the basin, before the water would overflow into a neighbor basin. Deepness
can be computed using morphological reconstruction [12] applied to the mul-
tichannel gradient (reconstruction is a class of morphological transformation
that does not introduce discontinuities). Given the multichannel gradient
GK(f) of an N -dimensional image f processed using a SE denoted by K,
the morphological reconstruction of GK(f) from GK(f)�K has a watershed
transform in which the regions with deepness lower than a certain value v
have been joined to the neighbor region with closer spectral properties.

2. Flooding. Let the set S = {v1,v2, · · · ,vp} denote the set of p minimum
pixel vectors resulting from minima selection. Let the catchment basin as-
sociated with a minimum pixel pi be denoted by CB(pi). The catchment
basins are progressively created by simulating the flooding process. The first
pixel vectors reached by water are the points of highest deepness score. From
now on, the water either expands the region of the catchment basin already
reached by water, or starts to flood the catchment basin whose minima have
a deepness equal to CK(vl), where vl is the deepest pixel in S − {vj}. This
operation is repeated until S = ∅.

3. Region merging. To obtain the final classification, some of the regions
{CB(vl)}p

l=1 resulting from the watershed can be merged to reduce the num-
ber of regions. First, all regions are ordered into a region adjacency graph
(RAG) [28]. Each edge in the RAG is assigned a weight, so that the weight of
an edge e(vi,vj) is the value of SAD(vi,vj). Subsequently, regions CB(vi)
and CB(vj) can be merged attending to spatial properties in the case of
adjacent regions, and also according to pixel vector similarity criteria for
non-adjacent regions. The output of the algorithm above is a 2-dimensional
classification map based on the set of S = {v1,v2, · · · ,vp} class prototypes.

Our parallel implementation of the multichannel watershed algorithm above,
called P-WSHED, uses a simple master-slave model [29], in which the master
processor reads the whole multichannel image f and divides it into a set of
P spatial-domain partitions, which are sent to different processors. The slave
processors run the watershed algorithm on the respective partitions and also
exchange data among themselves for uniform classification. After the classified
regions become stable, the slaves send the output to the master, which combines
all of them in a proper way and provides the final classification. If we assume
that the parallel system has P processors available, then one of the processors
is reserved to act as the master, while each of the P − 1 remaining processors
create a local queue Qi with 1 ≤ i ≤ P − 1. The minima selection algorithm
is run locally at each processor to obtain a set of minima pixels surrounded by
non-minima, which are then used to initialize each queue Qi. Flooding is then
performed locally in each processor as in the serial algorithm.
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It should be noted, however, that due to the image division, flooding is con-
fined only to the local subdomain. There may exist parts of the subimage that
cannot be reached by flooding since they are contained in other subimages. Our
approach to deal with this problem is to first flood locally at every deepness score
in the subimage. Once the local flooding is finished, each processor exchanges
classification labels of pixels in the boundary with appropriate neighboring pro-
cessors. Subsequently, a processor may receive classification labels corresponding
to pixels in the extended subdomain. The processor must now reflood the local
subdomain from those pixels, a procedure that may introduce changes in classi-
fication labels at the local subdomain. Communication and reflooding are again
repeated until stabilization (i.e. no more changes occur).

7.4.3 Parallel Spectral Unmixing

While our focus in previous subsections has been on classification approaches,
spectral unmixing has been an alluring exploitation goal since the earliest days
of hyperspectral imaging [16]. No matter the spatial resolution, in natural envi-
ronments the spectral signature for a nominal pixel is invariably a mixture of the
signatures of the various materials found within the spatial extent of the ground
instantaneous field view. In hyperspectral imagery, the number of spectral bands
usually exceeds the number of pure spectral components, called endmembers in
hyperspectral analysis terminology [30], and the unmixing problem is cast in
terms of an over-determined system of equations in which, given the correct set
of endmembers allows determination of the actual endmember abundance frac-
tions through a numerical inversion process. Since each observed spectral signal
is the result of an actual mixing process, the driving abundances must obey two
constraints [4]. First, all abundances must be non-negative. Second, the sum of
abundances for a given pixel must be unity. However, it is the derivation and val-
idation of the correct suite of endmembers that has remained a challenging and
goal for the past years [31], [32]. In the following subsections, we develop two
novel parallel algorithms for endmember extraction and fractional abundance
estimation in hyperspectral images which introduce an innovative component
with regards to standard techniques in the literature: the incorporation of spa-
tial information to the (spectrally-guided) problems of finding endmembers and
approximating their abundance fractions in mixed pixels.

Parallel endmember extraction (P-MORPHEE)

Most available endmember extraction approaches, including popular and success-
ful algorithms such as the PPI (available in Research Systems ENVI software)
[14] or the N-FINDR (distributed by Technical Research Associates, Inc.) [15]
have been designed from a spectroscopic viewpoint and, thus, tend to neglect
the existing spatial correlation between pixels. In the following, we develop a
novel parallel algorithm which integrates the spatial and spectral information
in the endmember searching process. The algorithm, based on our previously
developed automated morphological endmember extraction (AMEE) algorithm
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[10], allows propagation of pure pixels between subsequent iterations, as opposed
to the previous version of the algorithm. The inputs to the parallel algorithm,
called P-MORPHEE, are the full hyperspectral data cube f, a structuring el-
ement K, a maximum number of algorithm iterations Imax, and a number of
endmembers to be extracted, p. The output is an endmember set, {ei}q

i=1, with
q ≤ p. A step-by-step description of the algorithm follows:

1. The master divides the original image cube f into P spatial-domain parti-
tions, where P is the number of processors in the system. In order to avoid
excessive inter-processor communication during morphological processing,
the partitions are formed using overlap borders, as described in Fig. 7.5(b).

2. Each worker performs an iterative spatial-spectral endmember extraction
process on its local spatial-domain partition using the following sequence of
steps:
a) Set i = 1 and initialize a morphological eccentricity index [10], denoted

by MEI(x, y) = 0, for each pixel f(x, y) in the local partition.
b) Move K through all the pixels of the local partition data, defining a

local spatial search area around each pixel f(x, y), and calculate the
maximum and minimum pixel vectors at each K -neighborhood using
extended morphological erosion and dilation. Then, update the MEI at
each spatial location (x, y) using the following expression:

MEI(x, y) = SAD[(f � K)(x, y), (f ⊕ K)(x, y)] (7.6)

c) Set i = i + 1. If i = Imax, then return the MEI scores for all the pixels
in the local partition to the master processor. Otherwise, replace the
local partition with its dilation using K. This represents an optimiza-
tion of the algorithm that propagates only the purest pixels at the local
neighborhood to the following algorithm iteration. Then, go to step 2.

3. The master gathers the individual MEI scores provided by the workers and
selects the set of p pixel vectors with higher associated MEI values (called
endmember candidates). Then, the master forms a unique spectral set of
{ei}q

i=1 pixels, with q ≤ p, by calculating the SAD for all pixel vector pairs.

Parallel fractional abundance estimation (P-MORPHSU)

To conclude this subsection on parallel spectral unmixing methods we outline
a new parallel algorithm for fractional abundance estimation of a set of input
endmembers. This method integrates the spatial and the spectral information by
considering a spatial neighborhood (defined by a morphological SE denoted by
K ) around each mixed pixel. This method is similar to traditional approaches,
in the sense that it makes use of the standard fully constrained least squares
technique [4] to estimate abundance fractions. But it differs from traditional
methods in the fact that the endmember set used for each pixel is adaptively
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calculated based on the spatial context. The inputs to the parallel method are the
full hyperspectral data cube f, a structuring element K, a tolerance threshold
tSU , and a set of endmembers {ei}q

i=1. The output is an abundance fraction
estimation for each endmember in each pixel of the input data set. The parallel
algorithm, called P-MORPHSU, is based on the following steps:

1. The master divides the original image cube f into P spatial-domain par-
titions, using overlap borders as described in Fig. 7.5(b). The master also
broadcasts the endmember set {ei}q

i=1 to all the workers.
2. Each worker estimates the fractional abundance of each endmember in each

pixel of its local partition using the following procedure:
a) Before unmixing a certain local pixel, say f(x, y), a weight is assigned to

the pixels in the K -neighborhood centered at spatial coordinates (x, y).
This is done by first calculating, for each pixel in the K -neighborhood,
the SAD distance to each one of the endmembers in the set {ei}q

i=1, and
labeling the pixel as an instance of a certain endmember (candidate) by
using the minimum SAD score.

b) Then, a weight is assigned to each endmember candidate (the weight
is inversely proportional to the minimum SAD score reported for that
candidate).

c) Finally, all endmember candidates in the K -neighborhood are sorted by
weight, and only those with associated weights above tolerance threshold
tSU are incorporated to the local endmember set which is finally used
to unmix the pixel f(x, y) using standard FCLSU. In other words, the
abundance estimation is still performed by using a fully constrained least
squares technique [4], but the actual composition of the endmember set
used to perform the least squares estimation may vary (for each partic-
ular pixel) depending on the spatial-spectral context around the pixel,
as opposed to the traditional approach, in which the entire set of spec-
tral endmembers is always used to unmix each pixel. Let us assume that
the set of endmembers, obtained by the above procedure, is denoted by
{ei}l

i=1, with 1 ≤ l ≤ q. The goal is to achieve a decomposition of the
pixel f(x, y) using the set of l endmembers above as follows:

f(x, y) = e1 · a1(x, y) + e2 · a2(x, y) + · · · + el · al(x, y). (7.7)

To achieve this goal, the pixel is multiplied by (MTM)−1MT, where
M = {ei}l

i=1 and the superscript ’T’ denotes the matrix transpose oper-
ation. In the expression above, abundance sum-to-one and non-negativity
constraints are imposed, i.e.,

∑l
i=1 ai(x, y) = 1 and ai(x, y) ≥ 0 for all

(x, y).
3. The master gathers the individual fractional abundance estimations provided

by the workers and merges them together to generate a set of endmember
fractional abundance estimations for all the pixels in the original hyperspec-
tral image.
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7.4.4 Parallel Data Compression (P-MORPHCOMP)

In this subsection, we describe a lossy compression algorithm for hyperspectral
imagery which relies on the concept of spectral unmixing introduced in the pre-
vious subsection. The main advantage of the proposed technique with regards
to other standard compression algorithms in the literature, such as 3D-SPIHT
or JPEG 2000 multicomponent, is the ability to deal with mixed pixels and sub-
pixel targets [33]. A mixed pixel is a mixture of two or more different substances
present in the same pixel, as outlined before in this chapter. A subpixel target is
a mixed pixel with size smaller than the available pixel size (spatial resolution).
When hyperspectral image compression is performed, it is critical and crucial to
take into account these two issues, which have been generally overlooked in the
development of lossy compression techniques in the literature. The idea of the
proposed data compression algorithm is to represent each pixel vector f(x, y) with
N spectral bands by a set of l ≤ N fractional abundance estimations correspond-
ing to the set of {ej(x, y)}l

j=1 endmembers that contribute to the mixture in that
pixel [34]. More precisely, for each N -dimensional pixel vector f(x, y), its asso-
ciated l-dimensional abundance vector a(x, y) = a1(x, y), a2(x, y), · · · , al(x, y),
estimated using the P-MORPHSU algorithm, is used as a fingerprint of f(x, y)
with regards to l endmembers obtained as a subset of the full endmember set
produced by the P-MORPHEE algorithm, i.e., {ej(x, y)}l

j=1 ⊆ {ei}q
i=1. The

proposed parallel data compression algorithm receives as input parameters a hy-
perspectral image cube, f, and a maximum number of endmembers to be retained
per pixel, q, and can be summarized by the following steps:

1. Use the P-MORPHEE parallel algorithm to adaptively obtain a set of q
endmembers, {ei}q

i=1 from the input hyperspectral image f.
2. Use the P-MORPHSU parallel algorithm to adaptively estimate the corre-

sponding abundance fractions a(x, y) = a1(x, y), a2(x, y), · · · , al(x, y) of a
subset of l endmembers, with {ej(x, y)}l

j=1 ⊆ {ei}q
i=1, for each pixel vector

in the input scene, thus approximating the pixel signature by the following
expression: f(x, y) = e1 ·a1(x, y), e2 ·a2(x, y), · · · , el ·al(x, y). Note that this
is a reconstruction of the spectral signature at f(x, y).

3. The master processor applies lossless predictive coding to reduce spatial
redundancy within each of the fractional abundance estimates for each pixel
in the input scene, using Huffman coding to encode predictive errors [34].

7.5 Experimental Results

This section provides an assessment of the effectiveness of the proposed paral-
lel algorithms in the task of providing significant performance gains, without
loss of accuracy, in the analysis of real hyperspectral data sets. Two different
application domains: 1) land-cover classification in agriculture; and 2) mapping
of geological features, are used to provide a detailed cross-validation of paral-
lel algorithms for hyperspectral image analysis, addressing the current need for
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application-oriented inter-comparisons of parallel in this emerging and fast grow-
ing research area. The section is organized as follows. First, we provide a brief
outline of Thunderhead, a Beowulf cluster available at NASA’s Goddard Space
Flight Center that has been used as our baseline parallel platform. Then, we
provide an overview of the hyperspectral image data sets used in this study. A
detailed computational cost-performance analysis of the parallel algorithms in
the context of two highly representative application domains follows. The section
concludes with a summary and detailed discussion on the results obtained.

7.5.1 Parallel Computing Platfom

The parallel computing platform used for experimental validation in this work is
the Thunderhead system at NASA’s Goddard Space Flight Center in Maryland.
This Beowulf cluster can be seen as an evolution of the HIVE (Highly Parallel Vir-
tual Environment) project, started in spring of 1997 to build a commodity cluster
intended to be exploited by different users in a wide range of scientific applica-
tions. The idea was to have workstations distributed among many offices and a
large number of compute nodes (the compute core) concentrated in one area. The
workstations would share the compute core as though it was apart of each. Thun-
derhead is currently composed of 268 dual 2.4 Ghz Intel 4 Xeon nodes, each with
1 GB of memory and 80 GB of hard disk (see http://thunderhead.gsfc.nasa.gov
for additional details). The total disk space available in the system is 21.44 Tbyte,
and the theoretical peak performance of the system is 2.5728 Tflops (1.2 Tflops on
the Linpack benchmark). The current estimated cost of the Thunderhead system
is 1.25M U.S. dollars. Along with the 568-processor computer core (out of which
256 were used for experiments), Thunderhead has several nodes attached to the
core with Myrinet 2000 connectivity. Our parallel algorithms were run from one
of such nodes, called thunder1. The operating system is Linux Fedora Core, and
MPICH was the message-passing library used.

7.5.2 Hyperspectral Data Sets

Two different hyperspectral data sets collected by the NASA’s Jet Propulsion
Laboratory AVIRIS instrument have been selected for experimental validation
in this study. All the considered scenes have been geometrically corrected by
JPL and have extensive ground-truth information available, thus allowing us to
validate the performance of parallel algorithms in several different application
domains.

AVIRIS Hyperspectral Data over Indiana’s Indian Pines Region

This scene was gathered by AVIRIS over the Indian Pines test site in North-
western Indiana, a mixed agricultural/forested area, early in the growing season,
and consists of 1939×677 pixels and 224 spectral bands in the wavelength range
0.4–2.5 μm (574 MB in size). The AVIRIS Indian Pines data set represents a
very challenging classification problem dominated by similar spectral classes and
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Fig. 7.6. (a) Spectral band at 587 nm wavelength of an AVIRIS scene comprising
agricultural and forest features at Indian Pines region. (b) Ground-truth map with 30
mutually-exclusive land-cover classes.

mixed pixels. Specifically, the primary crops of the area, mainly corn and soy-
beans, were very early in their growth cycle with only about 5% canopy cover.
This fact makes most of the scene pixels highly mixed in nature. Discriminating
among the major crops under this circumstances can be very difficult, a fact that
has made this scene an extensively used benchmark to validate classification ac-
curacy of hyperspectral imaging algorithms. For illustrative purposes, Fig. 7.6(a)
shows the spectral band at 587 nm of the original scene and Fig. 7.6(b) shows
the corresponding ground-truth map, displayed in the form of a class assignment
for each labeled pixel, with 30 mutually exclusive ground-truth classes. Part of
these data, including ground-truth, are available online from Purdue University
(for details, see http://cobweb.ecn.purdue.edu/ biehl/MultiSpec/).

AVIRIS Hyperspectral Data over Cuprite Mining District, Nevada

Another AVIRIS scene collected over the Cuprite mining district in Nevada
was also used in experiments to evaluate the proposed parallel algorithms in
the context of a mineral mapping application. The data set (available from
http://aviris.jpl.nasa.gov/html/aviris.freedata.html) consists of 614 × 512 pix-
els and 224 bands in the wavelength range 0.4–2.5 μm (137 MB in size). As
opposed to the previously described Indian Pines data set, the Cuprite data set
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Fig. 7.7. (a) AVIRIS scene over Cuprite mining district. (b-c) Ground-truth mineral
spectra provided by USGS.

is atmospherically corrected and available in reflectance units (not in at-sensor
radiance), thus allowing direct comparison of pixel vectors to ground spectral
signatures. The Cuprite site has been extensively mapped by the U.S. Geolog-
ical Survey (USGS) in the last twenty years, and there is extensive ground-
truth information available, including a library of mineral signatures collected
on the field (see http://speclab.cr.usgs.gov/spectral-lib.html). Fig. 7.7(a) shows
the spectral band at 587 nm wavelength of the AVIRIS scene. The spectra of
USGS ground minerals: alunite, buddingtonite, calcite, kaolinite, muscovite [Fig.
7.7(b)], chlorite, jarosite, montmorillonite, nontronite, pyrophilite [Fig. 7.7(c)]
are also displayed. These selected spectral signatures will be used in this work
to evaluate endmember extraction accuracy.

7.5.3 Experimental Assessment of Parallel Algorithms

Experiment 1: Land-Cover Classification in Agriculture

In this subsection, we discuss the performance of the proposed parallel algorithms
in the context of an agricultural classification application. In order to validate
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the experimental results provided by those algorithms, we resort to ground-truth
measurements collected by Purdue University over the Indian Pines region [see
Fig. 7.6(b)]. In this experiment, we assessed the feature extraction performance
of the proposed P-MORPH dimensionality reduction technique in comparison
with that of a parallel PCT (P-PCT) algorithm proposed in [35]. Also, we eval-
uated the classification performance of the proposed P-WSHED technique in
comparison with a parallel version of the ISODATA algorithm (P-ISODATA)
[36]. It should be noted that ISODATA is widely regarded as a benchmark for
validation of unsupervised classification algorithms [3]. Specifically, the following
experiments were conducted:

1. First, we run the P-ISODATA and the P-WSHED on the original N -
dimensional hyperspectral data cube.

2. Then, we run P-ISODATA and P-WSHED on a q-dimensional, reduced data
set, obtained after applying the P-PCT algorithm to the original data cube.
In this experiment, we set q = 41 and thus retained the first 41 principal
components. This decision was based on our estimation of the number of
distinct signal sources in the data using the virtual dimensionality (VD)
concept [37]. The fact that the VD estimated more than 30 classes for the
AVIRIS Indian Pines scene was not surprising, since Fig. 7.6(b) reveals that
the 30 available ground-truth classes only cover about 60% of the entire
scene.

3. Finally, we run the P-ISODATA and P-WSHED on a q-dimensional, reduced
data set obtained after applying the P-MORPH algorithm (with t = 21,
resulting in 2t − 1 = 41 components after morphological, spatial-spectral
dimensionality reduction).

In all cases, we carefully adjusted algorithm parameters based on our experi-
ence with those algorithms in different application domains [22], [30]. With the
above experimental settings in mind, Table 7.1 reports the overall and individ-
ual classification accuracies (with regards to some selected ground-truth classes)
produced by the parallel algorithms after using different algorithm configura-
tions (it should be noted that the overall accuracies refer to the entire set of
30 ground-truth classes available, not displayed here for space considerations).
As shown by Table 7.1, when P-ISODATA and P-WSHED were combined with
P-MORPH for dimensionality reduction, the classification accuracies increased
significantly with respect to the cases in which the same algorithms were ap-
plied to the original image, or to a reduced version of the image using P-PCT.
Overall, the P-WSHED provided significantly better classification results than
P-ISODATA, with the combination P-MORPH+P-WSHED clearly resulting in
the highest individual and overall classification accuracies. This indicates that
the incorporation of spatial information in both feature extraction and spectral
classification may offer important advantages, in particular, when the spatial
information is an added value for the analysis, as it seems to be the case in the
considered application environment given the spatially correlated distribution of
land-cover classes in the Indian Pines region.
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Table 7.1. Individual (per-class) and overall percentages of correctly classified pix-
els in the AVIRIS Indian Pines scene by different combinations of parallel algorithms.
Sequential execution times (in seconds) measured in a single node of NASA’s Thun-
derhead cluster are reported for each algorithm combination.

(Original image) P-PCT+ P-MORPH+
P-ISODATA P-WSHED P-ISODATA P-WSHED P-ISODATA P-WSHED

Bare soil 60.32 71.48 62.34 72.71 77.81 87.34
Buildings 52.45 64.56 52.89 73.28 65.23 79.12
Concrete 58.33 69.95 61.12 62.01 75.94 85.99
Corn 51.23 63.56 54.27 63.48 67.01 80.31
Fescue 56.03 67.39 55.03 64.34 69.23 79.98
Grass 62.37 74.01 60.48 72.90 73.91 86.00
Hay 55.15 67.03 53.49 65.23 72.16 85.43
Lake 58.23 69.50 59.25 73.42 73.45 87.22
Oats 53.12 62.89 56.78 66.58 69.32 83.91
Overall accuracy 55.48 66.17 57.21 68.56 72.26 84.58
Processing time 49912 60356 48007 50096 50221 52310

For illustrative purposes, Table 7.1 also reports the execution times (in sec-
onds) measured for the different algorithms executed on a single processor of
the Thunderhead system. We emphasize that these times correspond to real se-
quential versions of the considered algorithms, not to parallel versions using one
master and one worker. As shown by the table, the two considered dimension-
ality reduction techniques were computationally expensive but led to significant
reductions in the processing times of P-ISODATA and P-WSHED algorithms.
We note that, in this example, the number of bands was reduced from more
than 200 to 41 according to the VD concept. In the case of P-MORPH, the
spatial-spectral feature extraction accomplished by the algorithm always helped
increase the classification scores despite the significant reduction in the number
of bands, thus indicating that this approach was able to retain the information
relevant to the separation of the classes in all considered experiments.

To empirically investigate the scaling properties of the considered parallel al-
gorithms, Fig. 7.8(a) plots their speedup factors as a function of the number of
available processors on Thunderhead. Results in Fig. 7.8(a) reveal that the per-
formance drop from linear speedup in both P-PCT and P-ISODATA algorithms
increases significantly as the number of processors increase. This is due to the data
dependencies and sequential calculations involved in those algorithms. A simi-
lar effect was observed for the P-WSHED algorithm, in which the region-growing
process at each local partition may result in different processing times, thus af-
fecting the overall scalability of the algorithm. On the other hand, we can ob-
serve in Fig. 7.8(a) that the P-MORPH algorithm was clearly the algorithm which
achieved better scalability on Thunderhead. This result comes as no surprise since
P-MORPH was identified as pleasingly parallel (despite the use of overlap borders
in the data partitioning procedure), and involves very few data dependencies. This
observation also resulted in faster execution times for the parallel algorithm combi-
nations using P-MORPH for dimensionality reduction, as reported in Fig. 7.8(b).
For illustrative purposes, Table 7.2 displays the execution times in seconds mea-
sured for different processors in this application case study.
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Fig. 7.8. Performance results after processing the AVRIS Indian Pines scene with the
proposed parallel algorithms on Thunderhead: (a) Parallel algorithm scalability; (b)
Graphical representation of execution times as a function of the number of CPUs

Table 7.2. Execution times (in seconds) measured on Thunderhead for the parallel
algorithms using the AVIRIS Indian Pines scene

CPUs 1 4 16 36 64 100 144 196 256
P-PCT 38025 12467 3978 1622 815 527 361 290 245
P-MORPH 40239 11178 2728 1183 668 430 307 231 183
P-ISODATA 49912 21330 5907 2428 1299 865 630 444 386
P-WSHED 60356 19345 4569 1933 1129 752 536 426 355

Summarizing, experimental results in this subsection reveal that significant
improvements can be obtained, both from the viewpoint of classification accuracy
and computational performance, by using spatial-spectral parallel algorithms in
the framework of our land-cover classification application. For instance, the com-
bination of P-MORPH for dimensionality reduction followed by P-WSHED for
classification was able to provide a relatively accurate result (taking into account
the high complexity of the scene and the unsupervised nature of the algorithm) in
only 9 minutes using 256 processors, as opposed to several hours of computation
required by the sequential version of the same algorithm combination executed
on a single Thunderhead processor. Despite these encouraging results, further
experimentation in other application areas is required to rigorously establish the
statistics obtained in this case study.

Experiment 2: Mapping of Geological Features

In this second experiment, we have conducted a cross-validation of parallel spec-
tral unmixing algorithms in the context of a mineral mapping application, us-
ing the well-known AVIRIS Cuprite data set for demonstration purposes. It
should be noted that ground-truth information for this scene is only available in
the form of a collection of USGS mineral signatures, and therefore the parallel
algorithms cannot be evaluated in terms of their classification accuracy as in
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the previous examples. For comparative purposes, we used the parallel versions
of PPI (P-PPI) and N-FINDR (P-FINDR) developed in previous work [25] to
evaluate the performance of the proposed P-MORPHEE endmember extraction
algorithm. Specifically, our experimentation in this subsection comprised the
following steps:

1. First, we run P-PPI and P-FINDR using their original configurations, i.e.,
using a dimension reduction technique (the P-PCT in our experiments) to
reduce the dimensionality of the input data from N to q (with q = 15),
obtaining a set of 15 spectral endmembers in both cases. This value was
obtained using the VD concept in [37]. In order to establish a fair comparison
of our P-MORPHEE algorithm with the above two parallel algorithms, we
also used a reduced version of the original data cube (obtained by the P-PCT
in [35]) when running our algorithm.

2. Then, we repeated the previous experiment but this time using P-MORPH
instead of P-PCT to perform feature extraction from the input hyperspectral
scene. Here, we used t = 8, resulting in 15 components, which is consistent
with the dimensionality estimation provided by the VD concept.

Table 7.3 shows the SAD values between the endmembers in the final end-
member set (extracted by different combinations of a parallel dimensionality re-
duction algorithm followed by a parallel endmember extraction algorithm) and
the corresponding spectral signatures in the USGS library. In order to display
the results in a more effective manner, we only report the SAD score associated
to the most similar spectral endmember (out of 15 endmembers obtained for
each algorithm combination) with regards to its corresponding USGS signature.
It is important to emphasize that smaller SAD values indicate higher spectral
similarity. As shown by Table 7.3, the P-PCT+P-FINDR combination resulted
in the largest number of minimal SAD values (displayed in bold typeface in the
table) among all considered combinations. Quite opposite, all the combinations
which used P-MORPH for feature extraction prior to endmember extraction
generally produced endmembers which were less similar, spectrally, with regards
to reference USGS signatures. This is indeed a very interesting result, which in-
dicates that spectral information is more important than spatial information in
this particular application case study and, specifically, in the feature extraction
task prior to endmember extraction. This results from the fact that geological
features in the Cuprite mining district appear quite scattered, thus exhibiting
little spatial correlation. Therefore, in this example spectral information is more
important than spatial information in order to discriminate between subtle min-
eral signatures in this application. As a result, it is not surprising that the
performance of P-PCT in this example was better than that exhibited by P-
MORPH, which is particularly tuned for the integration of spatial and spectral
information.

We would like to emphasize that the proposed combinations of parallel al-
gorithms have also been evaluated from the viewpoint of their capacity to pro-
duce high-quality abundance estimations for geological features in the Cuprite
mining district. This has been done by estimating the fractional abundance of
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Table 7.3. SAD-based spectral similarity scores between the USGS mineral spectra
and their corresponding endmember pixels produced by several combinations of a par-
allel dimensionality reduction algorithm followed by a parallel endmember extraction
algorithm (the most similar endmember for each mineral is shown in bold typeface).
Sequential execution times (in seconds), measured in a single node of NASA’s Thun-
derhead cluster, are also given.

P-PCT+ P-MORPH+
P-PPI P-FINDR P-MORPHEE P-PPI P-FINDR P-MORPHEE

Alunite 0.084 0.081 0.084 0.106 0.103 0.095
Buddingtonite 0.106 0.084 0.094 0.122 0.109 0.108
Calcite 0.105 0.105 0.110 0.120 0.112 0.110
Kaolinite 0.125 0.136 0.136 0.144 0.136 0.131
Muscovite 0.136 0.136 0.136 0.153 0.150 0.145
Chlorite 0.112 0.102 0.108 0.135 0.118 0.116
Jarosite 0.106 0.089 0.096 0.122 0.115 0.109
Montmorillonite 0.108 0.094 0.106 0.126 0.119 0.117
Nontronite 0.102 0.099 0.099 0.124 0.120 0.113
Pyrophilite 0.094 0.090 0.090 0.115 0.112 0.105
Processing time 12251 10201 10573 12680 10630 11002

Table 7.4. Execution times (in seconds) measured on Thunderhead for the parallel
algorithms using the AVIRIS Cuprite scene

CPUs 1 4 16 36 64 100 144 196 256
P-PCT 9506 3117 994 405 204 132 90 72 61
P-MORPH 9935 2760 674 292 165 106 76 57 45
P-PPI 2745 807 244 112 56 36 34 24 21
P-FINDR 695 302 73 25 18 12 10 8 7
P-MORPHEE 1067 333 76 33 19 12 9 6 5
P-MORPHSU 2308 615 152 66 37 24 17 12 10

endmembers provided by P-PPI, P-FINDR and P-MORPHEE using a straight-
forward parallel linear spectral unmixing (P-LSU) algorithm and the proposed P-
MORPHSU algorithm for spatial-spectral abundance estimation. In both cases,
we tested unconstrained and fully constrained versions (i.e., with sum-to-one
and non-negativity restrictions) of the algorithms. Although ground-truth infor-
mation on endmember fractional abundances at sub-pixel levels is not available
for the Cuprite data set (this type of reference information is very difficult to
be obtained in real-world scenarios), our quantitative experiments demonstrated
that the use of the unconstrained P-MORPHSU generally resulted in very few
negative abundance estimations, while the constrained P-MORPSHU provided
very similar results to those reported by the unconstrained version of the same
algorithm. In contrast, a more significant fraction of negative abundances was
obtained by the unconstrained P-LSU with regards to the constrained P-LSU.
It should be noted that a common indicator of poor model fitting and/or inap-
propriate selection of endmembers is estimation of negative abundance fractions
by unconstrained linear models.

Fig. 7.9(a) shows the scalability of the considered parallel endmember extrac-
tion and spectral unmixing algorithms on Thunderhead. As shown by Fig. 7.9(a),
the P-MORPHSU algorithm scaled nicely due to the lack of data dependencies
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Fig. 7.9. Performance results after processing the AVRIS Cuprite scene with the
proposed parallel algorithms on Thunderhead: (a) Parallel algorithm scalability; (b)
Graphical representation of execution times as a function of the number of CPUs

Table 7.5. Spectral similarity scores among USGS spectra and the endmembers ex-
tracted from the original image, and from several reconstructed versions of the original
image after applying the P-MORPHCOMP, JPEG2000 and 3D-SPIHT algorithms with
different compression ratios

Mineral Original P-MORPHCOMP JPEG 2000 3D-SPIHT
signature image 20:1 40:1 80:1 20:1 40:1 80:1 20:1 40:1 80:1
Alunite 0.084 0.096 0.105 0.112 0.128 0.134 0.143 0.115 0.121 0.124
Buddingtonite 0.106 0.124 0.131 0.142 0.168 0.174 0.179 0.147 0.152 0.163
Calcite 0.105 0.118 0.129 0.138 0.166 0.175 0.184 0.131 0.148 0.165
Kaolinite 0.125 0.134 0.142 0.150 0.189 0.194 0.199 0.156 0.161 0.169
Muscovite 0.136 0.140 0.147 0.158 0.178 0.196 0.205 0.160 0.169 0.178
Chlorite 0.112 0.121 0.128 0.139 0.170 0.176 0.181 0.154 0.161 0.169
Jarosite 0.106 0.121 0.128 0.135 0.156 0.165 0.172 0.143 0.149 0.157
Montmorillonite 0.108 0.125 0.136 0.140 0.163 0.169 0.175 0.148 0.154 0.162
Nontronite 0.102 0.112 0.120 0.131 0.157 0.172 0.179 0.134 0.145 0.156
Pyrophilite 0.094 0.103 0.110 0.116 0.130 0.138 0.146 0.119 0.123 0.133

and inter-processor communications in its parallel implementation. A similar
comment applies to the P-MORPHEE algorithm, which scaled almost as effec-
tively. Quite opposite, both the P-PPI and P-FINDR resulted in lower speedups
due to the less pleasingly parallel nature of their implementation, as reported in
previous work [25]. Although the sequential versions of these algorithms took less
time that P-MORPHEE to produce their output in a single processor (see Table
7.3), the better scalability of P-MORPHEE as the number of processors was
increased resulted in lower execution times in Fig. 7.9(b). Finally, both P-PCT
and P-MORPH behaved in similar terms as in the previous experiment, with
significantly reduced execution times (by a factor of approximately 4) resulting
from the smaller size in MB of the scene. For illustrative purposes, Table 7.4
displays the execution times in seconds measured for different processors in this
application case study.

To conclude this subsection, we evaluate the data compression capabilities of
the proposed P-MORPHCOMP method, which comprises the combination of
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P-MORPHEE for endmember extraction followed by P-MORPHSU for abun-
dance estimation. In order to explore the quality of the compressed images pro-
duced by the proposed compression method, Table 7.5 reports the SAD scores
among the USGS reference signatures in Fig. 7.7(b) and the endmembers ex-
tracted by the best endmember extraction combination reported in Table 7.3
(P-PCT+P-FINDR) from the resulting images after data compression (the low-
est the scores, the highest the similarity), using compression ratios of 20:1, 40:1
and 80:1 (given by different tested values of input parameter q). As expected, the
highest-quality endmembers were extracted from the original data set. As the
compression ratio was increased, the quality of extracted endmembers was de-
creased. For illustrative purposes, we have also included the results provided by
two standard methods in our comparison, i.e., the 3-D SPIHT method [17] and
the wavelet-based JPEG2000 multi-component method [18]). The JPEG2000
implementation used for our experiments was the one available in kakadu soft-
ware (http://www.kakadusoftware.com). Both techniques are 3-D compression
algorithms that treat the hyperspectral data as a 3-D volume, where the spec-
tral information is the third dimension. Results in Table 7.5 show that such 3-D
techniques, which enjoy great success in classical image processing, may not nec-
essarily find equal success in hyperspectral image compression. Specifically, for
the same compression ratio, a 3-D lossy compression may result in significant
loss of spectral information which can be preserved much better, in turn, by
a spectral unmixing-oriented lossy compression algorithm such as the proposed
P-MORPHCOMP.

7.5.4 Summary

In this section we have thoroughly analyzed the performance of a suite of parallel
algorithms for spatial-spectral processing of hyperspectral images in the context
of two different application areas. Here, we intend to provide a quick reference of
the main observations and lessons learned after each experiment. For that pur-
pose, Table 7.6 summarizes the outcome of processing experiments conducted
using parallel algorithms, including the algorithm combinations that performed
best in each area, the best sequential and parallel processing times measured,
and the use of spatial-spectral or just spectral information in the design of par-
allel algorithms. As Table 7.6 shows, the incorporation of spatial information to
the traditionally spectrally-guided approach used in hyperspectral imaging can
be very beneficial from the viewpoint of both algorithm accuracy and parallel
algorithm design. We believe that the compendium of parallel spatial-spectral
processing techniques and their detailed cross-validation in the context of real
application domains, summarized on Table 7.6, may help hyperspectral image
analysts and practitioners in this field in the task of selecting advanced data
processing techniques and strategies for specific applications. Our experimental
assessment of parallel algorithms also revealed important considerations which
have not been previously addressed in the hyperspectral imaging literature to
the authors’ best knowledge:



7 Parallel Spatial-Spectral Processing of Hyperspectral Images 189

Table 7.6. Summary of experiments using parallel spatial-spectral techniques

Dimensionality Unsupervised Endmember Abundance Data
reduction classification extraction estimation compression

Algorithms P-PCT P-ISODATA P-PPI,P-FINDR P-LSU SPIHT,JPEG 2000
compared P-MORPH P-WSHED P-MORPH P-MORPHSU P-MORPHCOMP
Best method: P-MORPH P-WSHED P-FINDR P-MORPHSU P-MORPHCOMP
Spatial info? Yes Yes No Yes Yes
Time (seq.) 9935 60356 695 2308 3375
Time (par.) 45 355 7 10 15
Speedup 220.7 170.1 99.2 230.8 225.0

• Contrary to the common perception that spatial-spectral algorithms involve
more complex operations than traditional, spectral-based techniques, results
in this chapter indicate that spatial-spectral techniques, when carefully de-
signed and implemented, can indeed be more pleasingly parallel than spectral-
based techniques, mainly because they can reduce sequential computations
at the master and only involve minimal communication between the parallel
tasks, namely, at the beginning and ending of such tasks.

• Another important issue confirmed by experimental results is that the per-
formance of spatial-spectral techniques is directly linked to the application
domain. These techniques generally performed accurately in applications in-
volving data sets with high spatial auto-correlation. On the other hand, ap-
plications in which the relevant image features are not spatially correlated
generally benefit from the use of more spectrally-guided approaches.

• A relevant observation is that abundance estimation can be greatly improved
by the incorporation of spatial context into the estimation. Standard tech-
niques for fractional abundance determination in the literature have only
resorted to the spectral-based techniques, and therefore the use of spatial-
spectral information in the unmixing process (after a set of endmembers has
been extracted) is a novel contribution first presented in this chapter.

• It is also important to emphasize that when the application considered re-
quires high-quality preservation of the rich spectral information present in
the original hyperspectral image, compression techniques based on spectral
unmixing concepts are generally more effective than traditional 3-D com-
pression techniques which have enjoyed great success in the image processing
literature but may not be as successful in exploitation-based hyperspectral
data compression.

• As a final major remark, this chapter has shown that spatial-spectral tech-
niques are very appealing for the design of efficient parallel implementa-
tions, thus allowing their rapid execution in commodity cluster-based parallel
systems.

7.6 Conclusions and Future Research

In this chapter, we have discussed the role of joint spatial-spectral information
(via specialized morphological processing) in the analysis of hyperspectral images.
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Specifically, we have explored the performance of five types of spatial-spectral
algorithms for dimensionality reduction, unsupervised classification, endmember
extraction, abundance estimation and data compression in the context of two dif-
ferent application domains, i.e., land-cover classification in agricultural applica-
tions, and mapping of geological features. Our experimental assessment of paral-
lel spatial-spectral algorithms revealed important considerations about the prop-
erties and nature of such algorithms. On the other hand, performance results
measured on the Thunderhead system at NASA’s Goddard Space Flight Center
indicate that our parallel implementations were able to provide adequate results in
both the quality of the solutions and the time to obtain them, in particular, when
they are implemented on commodity Beowulf clusters. The compendium of paral-
lel spatial-spectral techniques presented in this chapter reflects the increasing so-
phistication of a field that is rapidly maturing at the intersection of many different
disciplines, including image and signal processing, sensor design and instrumen-
tation, parallel and distributed computing, and environmental applications. As
future work, we plan to implement the full suite of parallel spatial-spectral algo-
rithms discussed in this chapter on alternative high performance computing archi-
tectures, such Grid computing environments and specialized hardware platforms,
including field programmable gate arrays (FPGAs) and general-purpose graphic
processing units (GPUs). These platforms may allow us to fully accomplish the
goal of real-time processing of hyperspectral image data, with potential applica-
tions in on-board hyperspectral image data compression and analysis.
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