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Abstract

Recent advances in space and computer technologies are revolutionizing the way remotely sensed data is collected, managed and interpreted.
In particular, NASA is continuously gathering very high-dimensional imagery data from the surface of the Earth with hyperspectral sensors such
as the Jet Propulsion Laboratory’s airborne visible-infrared imaging spectrometer (AVIRIS) or the Hyperion imager aboard Earth Observing-1
(EO-1) satellite platform. The development of efficient techniques for extracting scientific understanding from the massive amount of collected
data is critical for space-based Earth science and planetary exploration. In particular, many hyperspectral imaging applications demand real
time or near real-time performance. Examples include homeland security/defense, environmental modeling and assessment, wild-land fire
tracking, biological threat detection, and monitoring of oil spills and other types of chemical contamination. Only a few parallel processing
strategies for hyperspectral imagery are currently available, and most of them assume homogeneity in the underlying computing platform. In
turn, heterogeneous networks of workstations (NOWs) have rapidly become a very promising computing solution which is expected to play
a major role in the design of high-performance systems for many on-going and planned remote sensing missions. In order to address the
need for cost-effective parallel solutions in this fast growing and emerging research area, this paper develops several highly innovative parallel
algorithms for unsupervised information extraction and mining from hyperspectral image data sets, which have been specifically designed to be
run in heterogeneous NOWs. The considered approaches fall into three highly representative categories: clustering, classification and spectral
mixture analysis. Analytical and experimental results are presented in the context of realistic applications (based on hyperspectral data sets
from the AVIRIS data repository) using several homogeneous and heterogeneous parallel computing facilities available at NASA’s Goddard
Space Flight Center and the University of Maryland.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Imaging spectroscopy, also known as hyperspectral remote
sensing, is an imaging technique capable of identifying ma-
terials and objects in the air, land and water on the basis of
the unique reflectance patterns that result from the interac-
tion of solar energy with the molecular structure of the ma-
terial [5]. Recent advances in sensor technology have led to
the development of so-called hyperspectral instruments, capa-
ble of collecting hundreds of images, corresponding to differ-
ent spectral channels, for the same area on the surface of the
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Earth [13]. As a result, each pixel (vector) in the scene has
an associated spectral signature or “fingerprint” that uniquely
characterizes the underlying objects, as shown by Fig. 1. The
wealth of spectral information provided by last-generation sen-
sors has opened ground-breaking perspectives in many applica-
tions, including environmental modeling and assessment, target
detection for military and defense/security deployment, urban
planning and management studies, risk/hazard prevention and
response including wild-land fire tracking, biological threat
detection, monitoring of oil spills and other types of chemical
contamination. Many of these applications require timely re-
sponses for swift decisions which depend upon high computing
performance of algorithm analysis [2,30]. However, the design
of such algorithms introduces several challenges. In particular,
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Fig. 1. The concept of hyperspectral imaging.

the price paid for the wealth of spatial and spectral information
provided by hyperspectral sensors is the enormous amounts of
data that they generate. For instance, NASA is continuously
gathering imagery data with Earth-observing sensors such as
Jet Propulsion Laboratory’s airborne visible-infrared imaging
spectrometer (AVIRIS) [13], or the Hyperion imager aboard
Earth Observing-1 spacecraft. The incorporation of hyper-
spectral sensors on airborne/satellite platforms is currently
producing a nearly continual stream of high-dimensional data
(it is estimated that NASA collects and sends to Earth more
than 950 GB of hyperspectral data every day). Since hyper-
spectral data archives are ever growing, the need to develop
fast, unsupervised techniques for near real-time information
extraction has become a highly desired goal yet to be fully
accomplished.

To address the computational needs introduced by multi-
dimensional imaging applications, a few efforts have been
directed towards the incorporation of high-performance com-
puting models and platforms in remote sensing missions
[7,11,16]. With the aim of creating a cost-effective parallel com-
puting system from commodity components to satisfy specific
computational requirements for the Earth and space sciences
community, the Center of Excellence in Space and Data Infor-
mation Sciences (CESDIS), located at the NASA’s Goddard
Space Flight Center in Maryland, implemented the concept of
Beowulf cluster [4,10]. Although most dedicated parallel ma-
chines for image information extraction and mining employed
by NASA and other institutions during the last decade have
been chiefly homogeneous in nature, a current trend in the de-
sign of systems for analysis and interpretation of the massive
volumes of data provided in various scientific and engineer-
ing applications is to utilize highly heterogeneous, distributed
platforms which can benefit from local (user) computing

resources. In particular, computing on heterogeneous networks
of workstations (NOWs) has been proven to be an economi-
cal alternative for a wide range of applications [15,19]. One
of the most important features of these networks is that they
enable the use of existing resources. Furthermore, such NOWs
provide incremental scalability of hardware components. In
other words, well-tuned parallel programs can be easily scaled
to large configurations because additional workstations can al-
ways be added to a heterogeneous NOW. Also, these systems
provide a high-degree of performance isolation, i.e., they al-
low analyzing parallel performance on a node-by-node basis.
At the same time, NOWs can offer much greater communica-
tion speed at lower price using switch-based networks such as
ATMs, and are able to provide distributed service and support,
especially for large file systems. Finally, the technological
evolution currently allows heterogeneous NOWs to support a
variety of different workloads, including parallel, sequential
and interactive jobs, as well as scalable computation-intensive
applications.

It should be noted that, despite the growing interest in hy-
perspectral imaging research, only a few efforts devoted to the
design of parallel techniques for information extraction from
this type of data currently exist in the open literature [1,9].
This is mainly due to their use in military and defense appli-
cations. However, with the recent explosion in the amount of
hyperspectral imagery, parallel processing is expected to be-
come a requirement in virtually every remote sensing applica-
tion. As a result, this paper takes a necessary first step toward
the comparison of different techniques and strategies for image
information mining from hyperspectral imagery on distributed,
highly heterogeneous computing platforms. The remainder of
the paper is structured as follows. Section 2 describes standard
approaches for hyperspectral image analysis in the literature.
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Section 3 describes several new parallel information extrac-
tion techniques designed to be run in heterogeneous NOWs.
Section 4 assesses the performance of the parallel algorithms
by comparing their accuracy and parallel properties using sev-
eral heterogeneous and homogeneous NOWs at University of
Maryland. Our criterion for measuring optimality is to compare
the efficiency achieved by a heterogeneous algorithm on a (fully
or partially) heterogeneous NOW with the efficiency achieved
by its equivalent homogeneous version on a fully homogeneous
NOW with the same aggregate performance as the heteroge-
neous one. For comparative purposes, parallel performance re-
sults on Thunderhead, a massively parallel Beowulf cluster
at NASA’s Goddard Space Flight Center, are also provided.
Section 5 concludes with some remarks and hints at plausible
future research.

2. Standard techniques for information extraction from
hyperspectral data

This section describes several information extraction tech-
niques that will be considered in our study. Prior to the detailed
description of such techniques, we first provide an overview
of data mining related work in the context of remote sens-
ing applications. Then, we describe three highly representa-
tive classes of algorithms which can be used for the purpose
of information extraction from remotely sensed, multidimen-
sional image data sets [18], including clustering, classification
and spectral unmixing techniques. All of the algorithms ad-
dressed below are based on the analysis of the information
provided by spectral signatures as a whole, which creates the
need for data partitioning strategies able to preserve such spec-
tral information when processing the multidimensional image
in parallel. Our focus in this work is on unsupervised tech-
niques, able to perform with little or no human supervision
at all.

2.1. Data mining in remote sensing applications

Optimization and effective utilization of the full informa-
tion content provided by Earth Observation sensors requires
systematic archiving, data management, and means of image
information mining [8,29]. The first step in the processing
chain is image collection, which is generally followed by a
procedure in which raw image data, generated during a flight
season, are georeferenced and primary information like digi-
tal surface models is extracted automatically and made avail-
able for later use in various independent applications, some of
which may be subject to near real-time constraints [28]. Each
newly collected image often goes into an interim database to
be used for data processing. After this step, value-added im-
ages are archived and later retrieval generally makes use of
search criteria generated during the value-adding processing
step, also known as metadata of the imagery [27]. In this work,
we concentrate on the data processing aspect of image in-
formation mining. As a result, several information extraction
techniques, specifically developed for hyperspectral imagery,
will be presented and discussed in the following subsections.

It is obvious that the large quantities of raw and processed
data, collected on a daily basis in remote sensing missions, re-
quire highly automated, reliable and fast processing procedures.
For that purpose, we develop several parallel implementations
of the discussed information mining techniques and specifi-
cally adapt them to be efficiently run on heterogeneous parallel
platforms.

2.2. Clustering

Clustering is an unsupervised data mining technique which
relies on nearest neighbor information. One of the most widely
used clustering algorithms for image analysis is ISODATA [26],
which uses a spectral-based distance as a similarity measure to
cluster data elements into different classes. In high-dimensional
spaces, however, the data space becomes sparsely populated
and the distances between individual data points become very
similar. In order to address this issue, the principal component
transform (PCT) has been adopted as a standard spectral trans-
formation which is used to summarize and decorrelate the im-
ages prior to the clustering stage by reducing redundancy and
packing the residual information into a small set of images,
termed principal components [26]. Both the ISODATA and PCT
algorithms rely on mathematical transformation and heavy lin-
ear algebra operations. Although parallel versions of such algo-
rithms have been proposed in the literature in some form (e.g.,
D-ISODATA [9], S-PCT [1]), these techniques were designed
to be run in homogeneous parallel computers and their per-
formance in heterogeneous platforms is significantly degraded,
as will be demonstrated by experiments. In this paper, we de-
velop two new parallel algorithms called Hetero-ISODATA and
Hetero-PCT, which are specifically tuned for execution on het-
erogeneous NOWs.

2.3. Classification

A number of classification algorithms for hyperspectral im-
age data have been developed in recent years. One of the most
successful ones has been the automatic target detection and
classification algorithm (ATDCA) [5], a computation-intensive
approach which finds a set of unique pixel vectors using of
orthogonal subspace projections in the spectral domain, and
then uses this set to characterize other pixels in the data. An
important research thrust yet to be fully adopted in the de-
sign of unsupervised classifiers is the incorporation of spa-
tial information. Available techniques such as ATDCA treat
the hyperspectral data not as an image, but as an unordered
listing of spectral measurements where the spatial coordinates
can be shuffled arbitrarily without affecting the final analy-
sis. However, one of the distinguishing properties of hyper-
spectral data is the multivariate information coupled with a
two-dimensional (pictorial) representation amenable to image
interpretation. Subsequently, there is a need to incorporate the
spatial arrangement of the data. In this paper, we develop
a new unsupervised method for hyperspectral data classifi-
cation on heterogeneous NOWs. This method, called hetero-
geneous morphological classification (Hetero-MORPH), uses
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mathematical morphology concepts to categorize pixel vectors
in terms of both their spectral purity and spatial relevance in the
scene [23].

2.4. Spectral mixture analysis

The underlying assumption governing clustering and clas-
sification techniques above is that each pixel vector measures
the response of a single underlying material. However, if the
spatial resolution of the sensor is not high enough to separate
different materials, these can jointly occupy a single pixel and
the resulting spectral measurement will be a “mixed pixel,”
i.e., a composite of the individual pure spectra [17]. To deal
with this problem, spectral mixture analysis techniques first
identify a collection of spectrally pure constituent spectra,
called endmembers, and then express the measured spectrum
of each mixed pixel as a combination of endmembers weighted
by fractions or abundances that indicate the proportion of each
endmember present in the pixel [24]. One of the most success-
ful algorithms for endmember extraction has been the pixel
purity index (PPI) [3]. The algorithm generates a large number
of random unit vectors, called “skewers,” and projects every
pixel vector in the data set onto each skewer. The data points
that correspond to extrema after many random projections are
identified as endmembers. Another standard technique is the
N-FINDR algorithm [31], which finds the set of pixels which
define the simplex with the maximum volume potentially in-
scribed within the data set. Both the identification of image
endmembers and the subsequent spectral unmixing process
are computationally demanding problems. However, very few
research efforts devoted to the design of parallel algorithms
for endmember extraction and spectral mixture analysis exist
in the open literature. In this work, we develop three highly
innovative algorithms calleded Hetero-PPI, Hetero-FINDR
and Hetero-LSU (for linear spectral unmixing [5]), which
have been specifically tuned for execution on heterogeneous
NOWs.

3. Parallel implementations

This section describes several parallel algorithms that will
be compared in this study. Before introducing their algorithmic
descriptions, we first formulate a general optimization prob-
lem in the context of fully heterogeneous NOWs, composed
of different-speed processors that communicate through links
at different capacities. This type of platform can be modeled
as a complete graph G = (P, E), where each node models a
computing resource pi weighted by its relative cycle-time wi .
Each edge in the graph models a communication link weighted
by its relative capacity, where cij denotes the maximum capac-
ity of the slowest link in the path of physical communication
links from pi to pj . We also assume that the system has sym-
metric costs, i.e., cij = cji . Processor pi will accomplish a
share of �i · W of the total workload W to be performed by a
certain algorithm, with �i �0 for 1� i�P and

∑P
i=1 �i = 1.

Since most processing algorithms in hyperspectral imaging

applications involve repeated vector product operations, we
can measure the workload involved by each considered al-
gorithm in terms of elementary multiplication/accumulation
(MAC) operations. With the above assumptions in mind, an ab-
stract view of our problem can be simply stated in the form
of a client–server architecture, in which the server is respon-
sible for the efficient distribution of work among the P nodes,
and the clients operate with the spectral signatures contained
in a local partition. The partitions are updated locally and,
depending on the considered algorithm, the resulting calcula-
tions may also be exchanged between the clients, or between
the server and the clients. Before describing our parallel algo-
rithms, we provide an overview of the adopted data partitioning
strategy.

3.1. Hyperspectral data partitioning

Two types of partitioning can be exploited in the considered
application: spectral-domain partitioning and spatial-domain
partitioning. Spectral-domain partitioning subdivides the data
volume into small cells or sub-volumes made up of contiguous
spectral bands, and assigns one or more sub-volumes to each
processor. It should be noted that most information extraction
techniques for hyperspectral imaging focus on analyzing the
data based on the properties of spectral signatures, i.e., they
utilize with the information provided by each pixel vector as a
whole. With a spectral-domain partitioning model, each pixel
vector may be split amongst several processors and the calcu-
lations made for each spectral signature would need to orig-
inate from several processors. Although such spectral-domain
partitioning strategy has been used in very low-dimensional re-
mote sensing applications (e.g., those based on color images),
it was soon discarded in our framework due to several reasons
[25]. First, spatial-domain partitioning is a more natural ap-
proach for neighbor-based image processing, as many image-
processing operations require the same function to be applied to
a small set of elements around each pixel vector in the input data
volume. A second major reason has to do with the overhead
introduced by inter-processor communications. Since most hy-
perspectral algorithms extract information based on spectral
signatures as a whole, partitioning the data in the spectral do-
main would linearly increase communications with the increase
in the number of processing elements, thus complicating the
design of parallel algorithms (in particular, in heterogeneous
environments). A final major issue is code reusability; to re-
duce code redundancy and enhance portability, it is desirable
to reuse much of the code for the sequential algorithm in the
design of its correspondent parallel version. In order to bal-
ance the load of the processors in the heterogeneous environ-
ment, each processor should execute an amount of work that
is proportional to its speed. Therefore, two major goals of our
partitioning algorithm are: (1) to obtain an appropriate set of
workload fractions {�i}Pi=1 that best fit the heterogeneous envi-
ronment, and (2) to translate the chosen set of values into a suit-
able spatial-domain decomposition of the input data. In order to
accomplish the first goal, we use a simple workload estimation
algorithm (WEA).
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Algorithm 1. Workload estimation algorithm (WEA).
Input: Workload W.
Output: Set of values {�i}Pi=1.

1. Obtain necessary system information, including the
number of available processors P, each processor’s iden-
tification number {pi}Pi=1, and processor cycle-times
{wi}Pi=1.

2. Set �i =
⌊

(P/wi)∑P
i=1(1/wi)

⌋
for all i ∈ {1, . . . , P }.

3. For m = ∑P
i=1 �i to W, find k ∈ {1, . . . , P } such that

wk ·(�k + 1) = min{wi · (�i + 1)}Pi=1, and then set �k =
�k + 1.

The WEA algorithm above assumes that the workload of
each processor pi must be inversely proportional to its cycle-
time wi . Specifically, step 2 first approximates the {�i}Pi=1 so
that �i · wi ≈ const and

∑p
i=1 �i �W . Then, step 3 iteratively

increments some �i until
∑p

i=1 �i = W . It should be noted
that a homogeneous version of the WEA algorithm can be ob-
tained by simply replacing step 3 with �i = P/wi for all i ∈
{1, . . . , P }, where wi is a constant cycle-time for all processors
in a homogeneous system. Once the set {�i}Pi=1 has been ob-
tained, a further objective is to produce P spatial-domain parti-
tions of the input hyperspectral data set. In this work, we adopt
two different strategies to accomplish the latter goal. In the
so-called without overlap strategy, the data are partitioned in
the spatial domain so that the size of partitions is proportional
to the values of {�i}Pi=1. Here, a communication overhead may
be introduced for algorithms which are based on the use of the
spatial context around each pixel vector (e.g., mathematical
morphology-based methods). In such cases, a workstation may
need an extra communication overhead for the calculations in-
volving pixel vectors which are close to the boundary of a parti-
tion. To avoid such macro-communication overhead, we use an
overlap mapping strategy based on replicating the pixel vectors
at the border of a partition so that each workstation can perform
all the calculations independently, with no need to know which
other workstations have pixels close to the boundary of the
partition. It is important to note that the amount of redundant
information introduced by the overlapping scatter depends on
the size of the structuring element (only 3 × 3 pixels in our
Hetero-MORPH algorithm). It is also important to note that
such overlap borders are not required for clustering and spectral
mixture analysis algorithms, which work on a pixel-by-pixel
basis and do not incorporate the spatial information. In order
to perform the final data partitioning in both cases, we adopt a
simple hybrid methodology which consists of two main steps:

1. Partition the hyperspectral data set so that the number of
rows in each partition is proportional to the values of {�i}Pi=1
and assuming that no upper bound exists on the number
of pixel vectors that can be stored by the processor (at the
same time, replicate necessary information for the over-
lap partitioning strategy when required). If the number of
pixel vectors in each partition assigned to each processor
is less than the upper bound on the number of elements

that can be stored by the processor, we have an optimal
distribution.

2. For each processor pi , check if the number of pixel vectors
assigned to it is greater than the upper bound on the number
of elements that it can store. For all the processors whose
upper bounds are exceeded, we assign them a number of
pixel vectors equal to their upper bounds. Now, we solve
the partitioning problem of a set with remaining pixel vec-
tors (including those resulting from data replication in the
overlap strategy) over the remaining processors. We recur-
sively apply this procedure until all the elements have been
assigned.

3.2. Parallel hyperspectral algorithms

In this section, we provide algorithmic descriptions of paral-
lel heterogeneous algorithms for hyperspectral information ex-
traction based on the concepts of clustering, classification and
spectral mixture analysis.

3.2.1. Clustering
The algorithm selected in this study as a representative of

spectral clustering techniques for hyperspectral imaging is the
ISODATA [26]. We have implemented the algorithm using the
spectral angle distance (SAD). If we denote by F(x, y) and
F(x′, y′) the pixel vectors at two different spatial locations of an
input hyperspectral image, denoted by F, then the SAD between
these two pixel vectors is given by the following expression [5]:

SAD[F(x, y), F(x′, y′)]
= cos−1[F(x, y) · F(x′, y′)/‖F(x, y)‖ · ‖F(x′, y′)‖].

Below, we provide a master–slave parallel implementation of
ISODATA which is based on the above-mentioned SAD dis-
tance measure.

Algorithm 2. Heterogeneous ISODATA (Hetero-ISODATA).
Input: Hyperspectral image F with N dimensions, number
of clusters c, convergence threshold t.
Output: 2-dimensional matrix which contains a cluster label
for each pixel F(x, y).

1. The server divides the original image cube F into P het-
erogeneous partitions using the WEA algorithm.

2. Each partition is sent to a worker along with a set of c
randomly selected pixel vectors (initial centroids).

3. Let us denote by nij the number of pixels belonging to

the jth cluster of the ith worker, and by Fj
k (x, y) the kth

pixel of the jth cluster. Each worker sends to the master
the number of pixels belonging to each cluster and the
sum of all pixel vectors of the pixels belonging to each
cluster, which involves a workload (expressed in MACs)
of nij × N as can be derived from the expression below:

Yij =
[ nij∑

k=1

F1
k(x, y), . . . ,

nij∑
k=1

Fc
k(x, y)

]
.
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4. The master collects all the information provided by
the workers and combines it to obtain a new cen-
troid for each cluster j as mj = (

∑pj

i=1 Yij /
∑pj

i=1 nij ),
where pj is the number of pixels in the cluster. This
operation involves a workload of pj × N for each
cluster.

5. The master compares the current centroids and the new
ones. If the SAD between them is below the conver-
gence threshold t, then convergence occurs and the
master informs all workers about the current status of
convergence. Otherwise, steps 2–4 are repeated until the
convergence status is true.

6. Following convergence, each worker i computes the
summation of the SAD distances of all pixels within a
cluster j from its centroid mj , which involves a work-
load of nij × N to calculate the centroid plus an addi-
tional workload of 3 × nij × N to compute the SAD
distances (each SAD computation involves a dot product
of the pixel considered with the centroid and two addi-
tional dot products to calculate the vector norms of the
pixel and the centroid). To reduce communication, this
information is only exchanged when convergence has
occurred (instead of doing so every time new centroids
are calculated).

7. The master now decides about splitting or merging of
the resulting clusters, based on parameters as the inter-
cluster distances (separation), the intracluster distances
(compactness), the ratio of standard deviations along dif-
ferent axes for each cluster, and the number of pixels
per cluster [26]. The procedure is repeated (following
the same steps for the previous convergence) until no
cluster is further eligible.

8. When the stopping criterion is satisfied, each worker
sends the label (cluster number) associated with each
local pixel to the master, which combines the individual
results and forms the final label image.

The second clustering technique proposed in this work first
preprocesses the data via a PCT-based transformation to in-
crease the data separability in spectral space [26]. Then, it
makes use of a SAD-based distance criterion to provide a final
classification, as described below.

Algorithm 3. Heterogeneous PCT-based clustering (Hetero-
PCT).

Input: Hyperspectral image F with N dimensions, number
of clusters c.
Output: 2-dimensional matrix which contains a cluster label
for each pixel F(x, y).

1. The server divides the original image cube F into P het-
erogeneous partitions using the WEA algorithm.

2. Each partition is sent to a worker, which forms a unique
spectral set by calculating the SAD distance for all vector
pairs. The total workload involved by this step is 3×M2×
N , where M is the number of pixels in the hyperspectral
image and N is the number of spectral bands (each SAD-
based computation involves three vector dot products).

3. The P unique sets are sent back to the master and com-
bined, one pair at a time. Upon completion, there will be
only one unique set left made up of c pixel vectors.

4. An N-dimensional mean vector m is calculated concur-
rently, where each component is the average of the pixel
values of each spectral band of the unique set. This vector
is formed once all the processors finish processing their
respective parts. The total workload involved by this step
is M × N .

5. All the pixel vectors in the unique set are divided into P
parts and sent to the workers. Each worker then computes
the covariance component and forms a covariance sum.

6. The covariance matrix is calculated sequentially as the
average of all the matrices calculated in step 5. It should
be noted that steps 5 and 6 involve M matrix multiplica-
tions and a total workload of M × N2.

7. A transformation matrix T is obtained by calculating and
sorting the eigenvectors of the covariance matrix accord-
ing to their corresponding eigenvalues, which provide a
measure of their variances. As a result, the spectral con-
tent is forced into the front components. Since the degree
of data dependency of the calculation is high and its com-
plexity is related to the number of spectral bands rather
than the image size, this step is done sequentially at the
master (the eigenvectors calculation has a workload of
N3 [11]).

8. Each pixel vector in the original hyperspectral image
is transformed independently using T · [F(x, y) − m].
This step is done in parallel, where all workers trans-
form their respective portions of data concurrently. The
linear transformation process is performed over all the
pixels in F and each computation on a pixel involves a
matrix multiplication. Thus, the workload of this step is
M2 × N2.

9. Finally, a parallel post-processing step is applied to per-
form clustering in the PCT-transformed space. First, P
partitions of a reduced, c-dimensional data cube given by
the first PCT components are sent to the workers, along
with the spatial locations of the c unique pixel vectors
resulting from step 2. Each worker then labels each pixel
in its corresponding partition using a cluster label given
by the most spectrally similar unique pixel vector in the
PCT-reduced space, and sends back the result to the mas-
ter, which puts together the final label image.

3.2.2. Classification
This section first describes a parallel heterogeneous version

of the ATDCA algorithm which first identifies a unique set
of target pixel vectors, and then performs hyperspectral data
classification based on this unique set.

Algorithm 4. Heterogeneous ATDCA algorithm (Hetero-
ATDCA).

Inputs: Hyperspectral image F with N dimensions, number
of classes c.
Output: 2-dimensional matrix which contains a classification
label for each pixel F(x, y).
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1. Using the WEA algorithm, the server divides the original
image cube F into P heterogeneous partitions.

2. Each worker finds in parallel the brightest pixel at the
local partition t(1)

i = arg{max(x,y) F (x, y)T · F(x, y)},
where i = 1, . . . , P and the superscript “T” denotes
the vector transpose operation. The workers send the
spatial locations of the pixel identified as the bright-
est ones in each partition back to the master. The
total workload involved in this operation is M2 ×
N , where M is the number of pixels in the hy-
perspectral image and N is the number of spectral
bands.

3. The master finds the brightest pixel t(1) by applying the
arg max operator in step 2 to the pixels at that the spa-
tial locations provided by the workers and selecting the
one which results in the maximum score, and then sets
U = t(1) to initialize the algorithm, where the superscript
“(1)” indicates that t(1) is the first pixel selected through-
out the process. It is worth noting that the brightest pixel
is not the only possible selection for initialization of AT-
DCA. However, according to previous experiments in the
literature [5], the brightest pixel is always extracted later
on by the algorithm if it is not used as the initial pixel
vector.

4. The master broadcasts matrix U to all the workers, each
of which works in parallel to find the pixel in the lo-
cal partition with the maximum orthogonal projection
relative to the pixel vectors in U, using an orthogo-
nal space projector P ⊥

U = I − U(UTU)−1UT, where I
is the identity matrix. The projector is applied to all
pixel vectors in each local partition to obtain t(2)

i =
arg{max(x,y)[(P ⊥

U F(x, y))T(P ⊥
U F(x, y))]}. Each worker

then sends the spatial location of the resulting local pix-
els to the master node.

5. The master finds a second pixel t(2) by applying the or-
thogonal space projector P ⊥

U to the pixel vectors at the
spatial locations provided by the workers, and selecting
the one which results in the maximum score. The master
then sets U = {t(1)t(2)}.

6. Repeat from step 4 until a set of c unique pixel vec-
tors, t(1), t(2), . . . , t(c), have been extracted. It should be
noted that the selection of each new pixel involves a
vector-matrix multiplication with workload of N2 × c

and four matrix multiplications. As the value of c grows,
the complexity of the algorithm increases in exponential
fashion.

7. The resulting set of c unique pixel vectors is broadcast
to all the workers, which obtain a classification label
for each pixel F(x, y) in the local partition by assign-
ing it to a class given by the unique pixel vector which
is most highly similar to the pixel in terms of the SAD
distance. This involves an additional set of 3 × N × c

MACs.
8. Each worker then sends the labels associated with each

local pixel to the master, which gathers all the individ-
ual results and forms a final, 2-dimensional classification
matrix.

Since the Hetero-ATDCA algorithm is composed of several
sequential steps, which are executed in parallel, an appropriate
workload distribution is essential. From the algorithm descrip-
tion above, it is clear that the algorithm relies on the spectral
information alone, without taking into account the spatial ar-
rangement of pixels.

A second morphological classification algorithm is intro-
duced in this section to naturally integrate the spatial and
spectral information present in the input data. The proposed
algorithm is based on the definition of a cumulative distance
between each pixel vector, F(x, y), and all pixel vectors
in the spatial neighborhood of F(x, y), given by a spatial
kernel or structuring element B as follows: DB [F(x, y)] =∑

s

∑
t SAD[F(x, y), F(s, t)], where (s, t) ∈ Z2(B). Based

on the distance metric above, two basic morphological opera-
tions (erosion and dilation) can be defined and used, respec-
tively, to extract the most highly pure and the most highly
mixed pixel in the B-given spatial neighborhood as follows:
(F�B)(x, y) = arg min(s,t)∈Z2(B){DB [F(x + s, y + t)]} and
(F ⊕ B)(x, y) = arg max(s,t)∈Z2(B){DB [F(x + s, y + t)]}.
Using the two extended operations above, we provide below
a new parallel heterogeneous algorithm for unsupervised clas-
sification of hyperspectral imagery. This algorithm adopts our
proposed overlap mapping strategy for data partitioning to re-
duce inter-processor communication.

Algorithm 5. Heterogeneous morphological classification
(Hetero-MORPH).

Inputs: Hyperspectral image F with N dimensions, Number
of iterations Imax, 3×3-pixel structuring element B, Number
of classes c.
Output: 2-dimensional matrix which contains a classification
label for each pixel F(x, y).

1. Using the WEA algorithm, the server divides the original
image cube F into P heterogeneous partitions with overlap
borders to avoid accesses outside the local image domain
at each workstation.

2. Using parameters Imax, B and c, each worker executes the
following steps:
2.1. Set j = 1 and initialize a morphological eccentricity

index score MEI(x, y) = 0 for each local pixel.
2.2. Move B through all the pixels of the local partition,

and calculate the “maximum” and “minimum” pixel
vectors using erosion and dilation operations, respec-
tively. The MEI score at each pixel is then updated
by calculating the SAD between the pixel vectors se-
lected as “maximum” and “minimum.”

2.3. Set j = j + 1. If j = Imax then go to step 2.4.
Otherwise, replace the local partition by its dilation
using B, i.e., F = F ⊕ B, and go to step 2.2.

2.4. Select the set of c pixel vectors in the local partition
with the highest associated MEI scores. The workload
involved by the first two steps of the algorithm can
be approximated by M × B × Imax × N , where M is
the number of pixel vectors in the input image, B is
the size in pixels of the structuring element (set to a
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constant B = 3 × 3 in this work), Imax is the number of
iterations, and N is the number of spectral bands.

3. The master gathers all the individual pixel vectors pro-
vided by the workers and forms a unique spectral set of
p�c pixel vectors by calculating the SAD for all vector
pairs in parallel. The total workload involved by this step
is 3 × M2 × N (each SAD-based computation involves
three vector dot products).

4. The set of p unique pixel vectors are broadcast to all the
workers, which obtain a classification label for each pixel
F(x, y) in the local partition by assigning it to a class
given by the unique pixel vector which is most highly
similar to the pixel in terms of the SAD distance. This
step involves an additional set of 3×M ×N MACs across
all the workers.

5. Each worker then sends the label associated with each lo-
cal pixel to the master, which gathers all individual results
and forms the final 2-dimensional classification matrix.

3.2.3. Spectral mixture analysis
In this section, we first provide parallel heterogeneous ver-

sions of two standard algorithms for endmember extraction.
Our heterogeneous version of the PPI algorithm [3] is based
on the generation of a large number of “skewer” vectors which
are then projected onto input pixel vectors until extreme pixels
are identified.

Algorithm 6. Heterogeneous PPI (Hetero-PPI).
Input: Hyperspectral image F with N dimensions, Number
of endmembers E, Number of skewers k, Threshold t.
Output: Set of E endmembers {e(0)

e }Ee=1.

1. Divide the original image cube F into P heterogeneous
partitions using the WEA algorithm.

2. Generate a set of k randomly generated unit, N-
dimensional vectors called “skewers,” denoted by
{skewerj }kj=1, and broadcast the entire set to all the work-
ers.

3. For each skewerj , project all the pixel vectors at each
local partition i, with i = 1, . . . , P , onto skewerj using
the vector dot product |skewerj · F(x, y)| to find sample
vectors at extreme positions, and form an extrema set for
skewerj , denoted by S(i)(skewerj ). Define an indicator
function of a set S as

IS(x) =
{

1 if x ∈ S,

0 if x /∈ S,

and calculate N
(i)
PP I [F(x, y)] = ∑

j IS(i)(skewerj )[F(x, y)]
for each F(x, y) in the local partition.

4. Select those pixels with N
(i)
PP I [F(x, y)] > t and send

their spatial locations to the master, which collects the
partial results and forms a set of spectrally pure pixels
(endmembers) {e(0)

e }Ee=1 using the SAD distance. The to-
tal workload involved in the PPI can be approximated
by M × k × E, where M is the total number of pixel

vectors in the input scene, k is the number of skewers
and E is the number of endmembers to be extracted by
the algorithm.

In order to implement the N-FINDR algorithm, we first need
to reduce the dimensionality of the input data from N to E [31].
For that purpose, we make use of PCT transform as indicated
by the following algorithm.

Algorithm 7. Heterogeneous N-FINDR (Hetero-FINDR).
Inputs: Hyperspectral image F with N dimensions,
Number of endmembers E.

Output: Set of E endmembers
{

e(0)
e

}E

e=1
.

1. Execute steps 1–8 of the Hetero-PCT algorithm on F
using c = E to obtain an E-dimensional data cube G.

2. The master selects a random set of E initial pixels{
e(0)
e

}E

e=1
from the reduced data set, and then finds

V
(

e(0)
1 , e(0)

2 , . . . , e(0)
E

)
, i.e., the volume of the simplex

defined by
{

e(0)
e

}E

e=1
as follows:

V
(

e(0)
1 , e(0)

2 , . . . , e(0)
E

)
=

∣∣∣∣det

[
1 1 . . . 1

e(0)
1 e(0)

2 . . . e(0)
E

]∣∣∣∣
(E − 1)! .

3. Calculate the volume of E simplexes, V
(

G(x, y), e(0)
2 ,

. . . , e(0)
E

)
, . . . , V

(
e(0)

1 , e(0)
2 , . . . , G(x, y)

)
in parallel,

each of which is formed by replacing one endmember e(0)
e

with each sample vector G(x, y). Each worker performs
replacements using pixels in its local partition, obtained
using the WEA algorithm.

4. If none of these E recalculated volumes is greater than

V
(

e(0)
1 , e(0)

2 , . . . , e(0)
E

)
, then no endmember in

{
e(0)
e

}E

e=1
is replaced. Otherwise, the master replaces the endmem-
ber which is absent in the largest volume among the E
simplexes with the vector G(x, y). Let such endmember
be denoted by e(0)

l . A new set of endmembers is pro-

duced by letting e(1)
l = g(x, y) and e(1)

e = e(0)
e for e 	=

l. Repeat from step 3 until no replacements take place.
As described in [6], the total workload involved by the
N-FINDR algorithm can be approximated by taking into
account that the algorithm has to compute the determi-
nant of a taking into account that the algorithm has to
compute the determinant of an E × E matrix E × N

times. The naive method of implementing an algorithm
to compute the determinant is to use Laplace’s formula
for development by minors [32]. However, this approach
is inefficient as it is of order E! for an E × E ma-
trix. In this work, an improvement to E3 was achieved
by using the LU decomposition for the computation of
determinants [12].
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Once a set of spectral endmembers has been identified, an
inversion model is required to estimate the fractional abun-
dances of the endmembers provided by methods such as Hetero-
PPI or Hetero-FINDR in each of the pixels in the scene. For
that purpose, we use a commonly adopted technique in the
hyperspectral analysis literature called linear spectral unmix-
ing (LSU), which can be easily implemented in parallel as
follows.

Algorithm 8. Heterogeneous LSU (Hetero-LSU).
Inputs: Hyperspectral image F with N dimensions, set of E
endmembers {ee}Ee=1.
Output: Set of fractional abundances {ae(x, y)}Ee=1 for each
pixel F(x, y).

1. Divide the original image cube F into P heterogeneous
partitions using the WEA algorithm.

2. Broadcast the set {ee}Ee=1 to all the workers.
3. For each pixel F(x, y) in the local partition, each

worker obtains a set of abundance fractions specified
by a1(x, y), a2(x, y), . . . , aE(x, y), so that F(x, y) =
e1 · a1(x, y) + e2 · a2(x, y) + · · · + eE · aE(x, y), tak-
ing into account the sum-to-one and non-negativity con-
straints:

∑E
e=1 ae = 1 and ae �0 for 1�e�E. This is

done by multiplying each pixel F(x, y) by (MTM)−1MT

[5], where M = {ee}Ee=1. This step involves a vector-
matrix multiplication with workload of N2×E, and three
matrix multiplications, each with E3.

4. The master collects all the individual sets of frac-
tional abundances {a(i)

e (x, y)}Ee=1 calculated by each of
the workers for the pixels at every individual parti-
tion i, with i = 1, . . . , P , and forms a final set of
fractional abundances designated by ae(x, y)}Ee=1 =⋃P

i=1{a(i)
e (x, y)}Ee=1 for each píxel F(x, y) in the input

scene.

As a final note, we emphasize that the proposed spectral
mixture analysis framework consists of a sequence of three
steps, i.e., dimensionality reduction (optional), endmember ex-
traction, and spectral unmixing, each of which is implemented
in parallel.

To conclude this section, we emphasize that all the paral-
lel algorithms described in this section have been implemented
in the C + + programming language using calls to message
passing interface (MPI). Specifically, we make use of MPI de-
rived datatypes to directly scatter hyperspectral data structures,
which may be stored non-contiguously in memory, in a single
communication step. It should be noted that the parallel codes
generally described above could take the form of either MPMD
(multiple programs, multiple data) or SPMD (single program,
multiple data) when implemented using MPI. In the MPMD
programming style, one distinct program is run per proces-
sor, while in SPMD the same program is executed on different
processors, over distinct data sets [22]. In this work, we have
tested the two above-mentioned strategies when implementing
our parallel codes and compared the two approaches via exper-
imental results, as will be shown in the following section.

4. Experimental results

This section provides an assessment of the effectiveness of
the parallel algorithms described in Section 3. In order to quan-
titatively compare the performance of the different algorithms,
we resort to a recently proposed framework for evaluation of
heterogeneous parallel algorithms [20], which relies on the as-
sumption that a heterogeneous algorithm cannot be executed
on a heterogeneous NOW faster than its homogeneous version
on the equivalent homogeneous NOW. In [20], a homogeneous
computing environment was considered equivalent to the het-
erogeneous one if the following three principles were satisfied:
(1) both environments have the same number of processors; (2)
the speed of each processor in the homogeneous environment is
equal to the average speed of processors in the heterogeneous
environment; and (3) the aggregate communication character-
istics of the homogeneous environment are the same as those
of the heterogeneous environment. With the above three prin-
ciples in mind, a heterogeneous algorithm may be considered
optimal if its efficiency on a heterogeneous NOW is the same
as that evidenced by its homogeneous version on the equiva-
lent homogeneous NOW. This allows using the parallel perfor-
mance achieved by the homogeneous version as a benchmark
for assessing the parallel efficiency of the heterogeneous par-
allel algorithm. Before describing our detailed study on algo-
rithm performance, we first introduce the parallel computing
architectures used in this work and the hyperspectral data sets
selected for evaluation purposes.

4.1. Parallel computing architectures

The parallel computing architectures used in this study com-
prise four NOWs distributed among several locations at Uni-
versity of Maryland, and a massively parallel Beowulf clus-
ter at NASA’s Goddard Space Flight Center. The configuration
of the four considered NOWs was carefully custom-designed
in order to make sure that the three design principles above
were satisfied. This offered an unprecedented opportunity to
assess the performance of the proposed heterogeneous parallel
algorithms.

• Fully heterogeneous network: It consists of 16 different SGI,
Solaris and Linux workstations, and four communication
segments. Table 1 shows the processor cycle-times of the 16
heterogeneous workstations, where processors {pi}4

i=1 are
attached to communication segment s1, processors {pi}8

i=5
communicate through s2, processors {pi}10

i=9 are intercon-
nected via s3, and processors {pi}16

i=11 share the commu-
nication segment denoted by s4. The communication links
between the different segments {sj }4

j=1 only support serial
communication. For illustrative purposes, Table 2 also shows
the capacity of all point-to-point communications in the het-
erogeneous network, expressed as the time in milliseconds
to transfer a one-megabit message between each processor
pair (pi, pj ) in the heterogeneous system. As noted, the
communication network of the fully heterogeneous NOW
consists of four relatively fast homogeneous communication
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Table 1
Processor cycle-times (in seconds per megaflop) for the 16 heterogeneous workstations

p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11 p12 p13 p14 p15 p16

0.0058 0.0102 0.0206 0.0072 0.0102 0.0072 0.0072 0.0102 0.0072 0.0451 0.0131 0.0131 0.0131 0.0131 0.0131 0.0131

Table 2
Link capacity (in time in milliseconds to transfer a one-megabit message) for the heterogeneous network

p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11 p12 p13 p14 p15 p16

p1 – 19.26 19.26 19.26 48.31 48.31 48.31 48.31 96.62 96.62 154.76 154.76 154.76 154.76 154.76 154.76
p2 19.26 – 19.26 19.26 48.31 48.31 48.31 48.31 96.62 96.62 154.76 154.76 154.76 154.76 154.76 154.76
p3 19.26 19.26 – 19.26 48.31 48.31 48.31 48.31 96.62 96.62 154.76 154.76 154.76 154.76 154.76 154.76
p4 19.26 19.26 19.26 – 48.31 48.31 48.31 48.31 96.62 96.62 154.76 154.76 154.76 154.76 154.76 154.76
p5 48.31 48.31 48.31 48.31 – 17.65 17.65 17.65 48.31 48.31 106.45 106.45 106.45 106.45 106.45 106.45
p6 48.31 48.31 48.31 48.31 17.65 – 17.65 17.65 48.31 48.31 106.45 106.45 106.45 106.45 106.45 106.45
p7 48.31 48.31 48.31 48.31 17.65 17.65 – 17.65 48.31 48.31 106.45 106.45 106.45 106.45 106.45 106.45
p8 48.31 48.31 48.31 48.31 17.65 17.65 17.65 – 48.31 48.31 106.45 106.45 106.45 106.45 106.45 106.45
p9 96.62 96.62 96.62 96.62 48.31 48.31 48.31 48.31 – 16.38 58.14 58.14 58.14 58.14 58.14 58.14
p10 96.62 96.62 96.62 96.62 48.31 48.31 48.31 48.31 16.38 – 58.14 58.14 58.14 58.14 58.14 58.14
p11 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 – – 14.05 14.05 14.05 14.05 14.05
p12 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 58.14 14.05 – 14.05 14.05 14.05 14.05
p13 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 58.14 14.05 14.05 – 14.05 14.05 14.05
p14 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 58.14 14.05 14.05 14.05 – 14.05 14.05
p15 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 58.14 14.05 14.05 14.05 14.05 – 14.05
p16 154.76 154.76 154.76 154.76 106.45 106.45 106.45 106.45 58.14 58.14 14.05 14.05 14.05 14.05 14.05 –

segments, interconnected by three slower communication
links with capacities c(1,2) = 29.05, c(2,3) = 48.31, c(3,4) =
58.14 in ms, respectively. Although this is a simple archi-
tecture, it is also a quite typical and realistic one as well.

• Fully homogeneous network: Consists of 16 identical Linux
workstations with processor cycle-time of w = 0.0131 s
per megaflop, interconnected via a homogeneous communi-
cation network in which all communication links have the
same capacity of c = 26.64 ms.

• Partially heterogeneous network: Formed by the set of 16
heterogeneous workstations in Table 1 but interconnected
using the same homogeneous communication network with
capacity c = 26.64 ms.

• Partially homogeneous network: Formed by 16 identical
Linux workstations with processor cycle-time of w =
0.0131 s per megaflop, but interconnected using the hetero-
geneous communication network shown in Table 2.

In order to test the proposed algorithms on a larger-scale par-
allel platform, we have also experimented with Thunderhead,
a 256-node Beowulf cluster located at NASA’s Goddard Space
Flight Center (GSFC) in Maryland. The Thunderhead system is
composed of 256 Linux nodes at 2.4 GHz, interconnected via
2 GHz optical fibre Myrinet.

4.2. Hyperspectral image data sets

Two standard AVIRIS hyperspectral image data sets have
been selected for experiments. The first one was gathered over
the Indian Pines test site in Northwestern Indiana, a mixed
agricultural/forest area, early in the growing season. It com-
prises 715 × 2149 pixels with 224 spectral bands, where each

reflectance value is stored in integer format (the total size of the
image is 672 MB). The data set represents a very challenging
clustering/classification problem since the major crops of the
area, mainly corn and soybeans, were very early in their growth
cycle with only about 5% canopy cover. Discriminating among
them is very difficult, a fact that has made this scene a univer-
sal and extensively used benchmark to validate hyperspectral
imaging algorithms due to the availability of ground-truth in-
formation. Fig. 2(a) shows the spectral band at 587 nm of the
original scene, and Fig. 2(b) shows a ground-truth map, in the
form of a class assignment for each labeled pixel with 30 mutu-
ally exclusive ground-truth classes. These classes will be used
to evaluate the accuracy of the proposed Hetero-ISODATA,
Hetero-PCT, Hetero-ATDCA and Hetero-MORPH algorithms.
Part of these data, including ground-truth, is available online
(from http://dynamo.ecn.purdue.edu/∼biehl/MultiSpec).

The second data set used in experiments is an AVIRIS
scene with exactly the same dimensions as the previous one.
It was collected over the Cuprite mining district in Nevada.
The site is well understood mineralogically, and has several
exposed minerals of interest. Fig. 3(a) shows a small por-
tion of the image centered at the area with highest mineral
variability, while Fig. 3(b) plots the spectra of five minerals
of interest measured in the field by U.S. Geological Survey
(USGS). These signatures will be used to substantiate end-
member extraction accuracy of the Hetero-PPI and Hetero-
FINDR methods. Fractional abundance maps derived by the
USGS Tetracorder method will also be used to assess abun-
dance estimation accuracy of the Hetero-LSU method. Since
both the AVIRIS data and ground-truth are available online
(from http://aviris.jpl.nasa.gov/html/aviris.freedata.html and

http://dynamo.ecn.purdue.edu/biehl/MultiSpec
http://aviris.jpl.nasa.gov/html/aviris.freedata.html
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Fig. 2. (a) Spectral band at 587 nm wavelength of an AVIRIS scene comprising agricultural and forest features at Indian Pines test site, Indiana. (b) Ground-truth
map with 30 mutually exclusive land-cover classes.

Fig. 3. (a) A small portion of the spectral band at 587 nm wavelength of an AVIRIS scene comprising mineral features at the Cuprite mining district, Nevada.
(b) USGS ground-truth mineral spectra.
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http://speclab.cr.usgs.gov, respectively) people interested in
the proposed parallel algorithms can reproduce our results and
conduct their own experiments.

4.3. Performance evaluation

Before describing the parallel properties of the considered
algorithms, we first assess the quality of the information they
extract. Table 3 reports the overall clustering/classification ac-
curacy scores produced by the Hetero-ISODATA, Hetero-PCT,
Hetero-ATDCA and Hetero-MORPH algorithms on the AVIRIS
Indian Pines scene in Fig. 2(a). In the four cases, the number of
clusters/classes was set to c = 30 after calculating the intrin-
sic dimensionality of the data using the virtual dimensionality
concept in [5]. For the Hetero-ISODATA algorithm, a toler-
ance threshold t = 0.05 was used after experimental results in
[9]. The Hetero-MORPH algorithm used a 3×3-pixel structur-
ing element, and the maximum number of iterations was set to
Imax = 7 after previous results in [23]. As shown by Table 3,
the Hetero-MORPH algorithm produced higher accuracy scores
than those found by the other tested algorithms. The above re-
sults provide an objective confirmation of our introspection:
that the incorporation of spatial information can enhance anal-
ysis results achieved using spectral information only.

On the other hand, Table 4 tabulates the SAD scores obtained
after comparing the five USGS library spectra in Fig. 3(b)
with the corresponding endmembers extracted by the Hetero-
PPI and Hetero-FINDR parallel algorithms. The smaller the
SAD values across the five minerals considered in Table 4,
the better the results (a similarity score of 0.1 and below is
generally considered as highly accurate in most hyperspec-
tral applications). Table 4 also reports (in bold typeface) the
root mean square error (RMSE) between the abundances es-
timated by using the Hetero-LSU algorithm (in combination
with the endmembers provided by Hetero-PPI and Hetero-
FINDR), estimated for each endmember using RMSE(ee) =
((1/X · Y )

∑X
x=1

∑Y
y=1[ae(x, y) − âe(x, y)]2)1/2, where

âe(x, y) denotes the abundance estimated by Hetero-LSU for

Table 3
Clustering/classification accuracies (in percentage of correctly labeled pixels)
for the Indian Pines scene

Hetero-ISODATA Hetero-PCT Hetero-ATDCA Hetero-MORPH

71.45 83.58 84.79 91.24

Table 4
SAD-based similarity scores and RMSE-based abundance estimation errors (in percentage) obtained by the parallel endmember extraction algorithms (combined
with Hetero-LSU for abundance estimation) for the Cuprite scene

Algorithm Alunite Buddingtonite Calcite Kaolinite Muscovite

Hetero-PPI 0.074 0.075 0.081 0.066 0.068
3.03% 2.12% 1.21% 0.43% 1.08%

Hetero-FINDR 0.083 0.091 0.094 0.074 0.077
4.12% 3.05% 2.36% 1.94% 1.85%

endmember ee at F(x, y), ae(x, y) denotes the abundance mea-
sured by USGS for that endmember at the same pixel, and
X · Y is the total number of pixels in the scene (in our exam-
ple, X = 715 and Y = 2149). It should be noted that RMSE
scores below 5% are acceptable in most applications. For the
Hetero-PPI, parameter t was set to the mean of NPPI scores
after k = 103 skewer iterations (these parameter settings above
are in agreement with those used before in the literature [24]).

To investigate the parallel properties of the tested algorithms,
their performance was first tested by timing the programs using
the four equivalent NOWs. Table 5 shows the measured execu-
tion times for the proposed parallel heterogeneous algorithms
and their respective homogeneous versions (hereinafter, we
refer to the homogeneous version of a certain heterogeneous
algorithm by replacing the “Hetero-’’ in the name of the hetero-
geneous algorithm by “Homo-’’ to indicate that the algorithm
is the equivalent, homogeneous version of the same heteroge-
neous one). The table reports the times obtained after adopting
both MPMD and SPMD programming styles in the design of the
parallel codes. In the MPMD approach, the final parallel C++
code took the form of a set of distinct main functions (one per
processor), each containing direct calls to application-specific
functions for hyperspectral image processing, interleaved with
communications. By contrast, the latter approach was carried
out by a single program or kernel, written in C ++ and run in
SPMD mode on all processors, thus ensuring a dynamic distri-
bution and scheduling of processes and communications.

As expected, the execution times reported on Table 5 show
that the heterogeneous algorithms were able to adapt much bet-
ter to fully (or partially) heterogeneous environments than the
homogeneous versions, which only performed satisfactorily on
the fully homogeneous network. One can see that the hetero-
geneous algorithms were always several times faster than their
homogeneous counterparts in the fully heterogeneous NOW,
and also in both the partially homogeneous and the partially
heterogeneous networks. On the other hand, the homogeneous
algorithms only slightly outperformed their heterogeneous
counterparts in the fully homogeneous NOW. Table 5 also
reveals that the performance of the heterogeneous algorithms
on the fully heterogeneous platform was almost the same as
that evidenced by the equivalent homogeneous algorithms
on the fully homogeneous NOW. This indicates that the pro-
posed heterogeneous algorithms were always very close to
the optimal heterogeneous modification of the basic homoge-
neous one. Finally, it is also worth noting that the use of an
MPMD- or SMPD-oriented strategy in the development of the

http://speclab.cr.usgs.gov
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Table 5
Execution times (seconds) of the heterogeneous algorithms and their homogeneous versions on the four NOWs using both MPMD and SPMD parallel
implementations

Parallel algorithm Fully heterogeneous Fully homogeneous Partially heterogeneous Partially homogeneous

MPMD SPMD MPMD SPMD MPMD SPMD MPMD SPMD

Hetero-ISODATA 139 145 144 157 140 148 142 154
Homo-ISODATA 489 503 136 146 477 495 301 322

Hetero-PCT 132 138 136 149 133 141 135 145
Homo-PCT 562 574 129 138 547 561 330 342

Hetero-ATDCA 84 86 89 94 87 91 88 93
Homo-ATDCA 667 693 81 86 638 655 374 385

Hetero-MORPH 171 209 177 206 172 195 174 199
Homo-MORPH 2216 2395 168 188 2203 2346 925 986

Hetero-PPI 258 267 264 275 261 271 263 273
Homo-PPI 2719 2786 255 261 2698 2740 1217 1267

Hetero-FINDR 51 53 56 60 55 59 56 61
Homo-FINDR 506 525 50 58 497 519 253 264

Hetero-LSU 115 117 121 129 117 124 119 127
Homo-LSU 1595 1609 113 121 1563 1581 673 702

parallel codes provided similar results from the viewpoint of
computational performance, with the SMPD approach result-
ing in slightly higher execution times in most cases, as reported
by Table 5. Although the SMPD strategy provides several in-
teresting features, such as the simplicity of the data distribu-
tion phase among the different computation processes, it has
been experimentally tested (in the context of our hyperspectral
imaging application) that the kernel-based approach adopted by
SPMD generally requires more communications in exchanging
data between the master and the slaves when the computation
performed by the considered algorithm is not completely local
(i.e., when the ratio of computations to communications is de-
creased). With the above issues in mind, in the following we
only report results for MPMD-based implementations of our
parallel algorithms.

For the sake of comparison, Figs. 4(a–d) plot the perfor-
mance ratio between each heterogeneous algorithm and its
respective homogeneous version (referred to as Homo/Hetero
ratio in the table) on the four considered parallel platforms.
The ratio was simply calculated as the execution time of the
homogeneous algorithm divided by the execution time of the
heterogeneous algorithm. One can see that, although Hetero-
ISODATA and Hetero-PCT showed acceptable execution times
in Table 3, their Homo/Hetero ratios in the fully heterogeneous
NOW were clearly the lowest [see Fig. 4(a)]. This is due to the
fact that the two algorithms involve operations that need to be
completed sequentially at the master before distributing the re-
sults to the workers (e.g., split and merge in Hetero-ISODATA
or covariance matrix calculations in Hetero-PCT). Some of
the computations involved by the two algorithms are also
highly irregular in nature, which results in the fact that both
Hetero-PCT and Hetero-ISODATA were only approximately
four times faster than their respective homogeneous versions in
the fully heterogeneous NOW. Quite opposite, the other tested

algorithms showed much better Homo/Hetero ratios in the
same platform. For instance, the ratio measured for the Hetero-
ATDCA algorithm was close to eight, which means that the
heterogeneous algorithm was about eight times faster than its
homogeneous version in the fully heterogeneous NOW, while
the two parallel endmember extraction algorithms (Hetero-PPI
and Hetero-FINDR)R) were about 10 times faster than their
homogeneous versions in the same computing platform. These
algorithms are dominated by regular computations, although
they also still involve sequential processing steps at the master.
The highest Homo/Hetero ratios in Fig. 4(a) were reported for
both Hetero-LSU and Hetero-MORPH. While the former is a
straightforward parallel technique with almost no data depen-
dencies or sequential computations, the high ratio achieved by
Hetero-MORPH is of great importance, given the spa-
tial/spectral nature of the algorithm. It results from the carefully
adopted algorithm design, which is based on the incorpora-
tion of intelligent data replication to enhance regularity in the
computations. As noted, the small amount of redundant com-
putations introduced by the overlap mapping strategy does not
prevent Hetero-MORPH from achieving comparable results to
those found by the best-reported method (Hetero-LSU).

While the Homo/Hetero ratios in the partially heterogeneous
NOW were very similar to those reported above [see Fig. 4(b)],
they were significantly decreased for the partially homogeneous
NOW [see Fig. 4(c)]. This was because the homogeneous al-
gorithms performed much better on the partially homogeneous
network (made up of processors with the same cycle-times
as opposed to those in the partially heterogeneous network).
This fact reveals that processor heterogeneity has a more sig-
nificant impact on algorithm performance than communication
network heterogeneity, which is not surprising given our data
partitioning-driven strategy for the design of parallel heteroge-
neous algorithms. Finally, Fig. 4(d) plots the speedup of the
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Fig. 4. Homo/Hetero ratios measured on the four considered parallel platforms. (a) Fully heterogeneous NOW. (b) Partially heterogeneous NOW. (c) Partially
homogeneous NOW. (d) Fully homogeneous NOW.

homogeneous algorithms over their heterogeneous counterparts
in the fully homogeneous NOW. As can be seen in Fig. 4(d),
the homogeneous versions only slightly outperformed the het-
erogeneous algorithms in this platform. As a result, the ratios in
Fig. 4(d) were all very close to one, a fact that reveals that the
performance of the heterogeneous algorithms was almost the
same as that evidenced by their respective homogeneous ver-
sions in the fully homogeneous NOW. The above results clearly
demonstrate the flexibility of the proposed heterogeneous al-
gorithms, which were able to adapt efficiently to all consid-
ered NOWs. Interestingly, after comparing the execution times
of heterogeneous algorithms on the fully heterogeneous NOW
with those achieved by their homogeneous counterparts on the
fully homogeneous NOW (see Table 3), we noticed that the
heterogeneous algorithms achieved essentially the same speed
as their homogeneous versions, but each on its network. This
indicated that the heterogeneous algorithms were very close to

the optimal heterogeneous modifications of the basic homoge-
neous ones.

In order to further explore the parallel properties of the con-
sidered algorithms in more detail, an in-depth analysis of com-
putation and communication times achieved by the different
methods is also highly desirable. For that purpose, Table 6
shows the total time spent by the tested algorithms in com-
munications and computations in the four considered NOWs,
where two types of computation times were analyzed, namely,
sequential (those performed by the root node with no other par-
allel tasks active in the system, labeled as SEQ in the table)
and parallel (the rest of computations, i.e., those performed by
the root node and/or the workers in parallel, labeled as PAR in
the table). The latter includes the times in which the workers
remain idle. It can be seen from Table 6 that, among all consid-
ered heterogeneous parallel algorithms, SEQ scores were par-
ticularly significant for the Hetero-ISODATA and Hetero-PCT
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Table 6
Communication (COM), sequential computation (SEQ) and parallel computation (PAR) times in seconds measured for the parallel heterogeneous algorithms
and their homogeneous versions on the four considered NOWs

Algorithm Fully heterogeneous Fully homogeneous Partially heterogeneous Partially homogeneous

COM SEQ PAR COM SEQ PAR COM SEQ PAR COM SEQ PAR

Hetero-ISODATA 11 92 14 96 13 92 11 98
36 34 35 33

Homo-ISODATA 18 435 9 93 10 432 12 256

Hetero-PCT 6 99 9 99 8 99 8 100
27 28 26 27

Homo-PCT 12 523 5 96 7 514 9 294

Hetero-ATDCA 7 58 11 62 8 61 8 60
19 16 18 20

Homo-ATDCA 14 634 6 59 9 611 12 342

Hetero-MORPH 9 156 13 156 10 155 10 156
6 8 7 8

Homo-MORPH 17 2201 7 153 9 2187 11 906

Hetero-PPI 8 235 12 236 10 237 9 241
15 16 14 13

Homo-PPI 17 2687 5 234 6 2678 12 1192

Hetero-FINDR 4 30 7 35 6 32 8 32
17 14 17 16

Homo-FINDR 9 480 3 33 5 475 13 224

Hetero-LSU 2 111 6 112 3 1121 3 114
2 3 2 2

Homo-LSU 6 1587 2 108 4 1557 4 667

algorithms. As mentioned above, this is mainly due to the fact
that these algorithms involve several steps based on sequential
computations. SEQ scores were also relevant for the Hetero-
ATDCA and Hetero-FINDR. It should be noted that Hetero-
ATDCA involves several gather/scatter operations followed by
compute-intensive orthogonal space projections at the master,
which need to be completed in sequential fashion before a new
parallel operation can be accomplished by the workers. Simi-
lar issues are also present in Hetero-FINDR (see steps 3 and
4 of this algorithm). Finally, the relatively high SEQ scores
for the Hetero-PPI result from the last step of the algorithm,
in which endmember selection is mainly accomplished at the
master once all the workers have completed processing their
respective data portions.

Quite opposite, although the Hetero-MORPH is the only
technique that introduces redundant information (expected to
slow down computations a priori), Table 6 reveals that the SEQ
scores measured for this algorithm were comparable to those
introduced by Hetero-LSU, and much lower than those reported
by the other tested algorithms, in particular, in the fully hetero-
geneous NOW. As a result, the ratio of computations to com-
munications for this method is much higher. This comes at no
surprise, since the Hetero-MORPH algorithm is a windowing-
type approach with very few data dependencies and, therefore,
it is expected to scale better. In fact, the times reported by
this algorithm were similar to those achieved by Hetero-LSU,
but it should be noted that the former algorithm needs to be
combined with a parallel endmember extraction technique to

produce useful results from the viewpoint of spectral mixture
analysis. Finally, it can also be seen from Table 6 that the cost
of parallel (PAR) computations clearly dominated that of com-
munications (COM) in all the considered parallel algorithms.
For instance, the PAR scores achieved by the homogeneous
algorithms executed on the (fully or partially) heterogeneous
NOWs were extremely high, due to a less efficient workload
distribution among the heterogeneous workers. To analyze this
relevant issue in more detail, a study of load balance is highly
required to fully substantiate the parallel properties of the con-
sidered algorithms.

In order to measure load balance, Table 7 shows the imbal-
ance scores [21] achieved by the considered parallel algorithms
on the four considered NOWs. The imbalance is defined as D =
Rmax/Rmin, where Rmax and Rmin are the maxima and minima
processor run times, respectively. Therefore, perfect balance is
achieved when D = 1. In the table, we display the imbalance
considering all processors, DAll , and also considering all pro-
cessors but the root, DMinus . As we can see from Table 7, only
the Hetero-LSU and Hetero-MORPH were able to provide val-
ues of DAll close to 1 in all considered NOWs. Further, the
above algorithms provided almost the same results for both DAll

and DMinus while, for the other tested methods, load balance
was generally better when the root processor was not included.
While the homogeneous algorithms executed on the (fully or
partially) heterogeneous NOWs provided the highest values of
DAll and DMinus (and hence the highest imbalance), the het-
erogeneous algorithms executed on the homogeneous NOWs
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Table 7
Load balancing rates for the parallel algorithms and their homogeneous versions executed on the four NOWs

Algorithm Fully heterogeneous Fully homogeneous Partially heterogeneous Partially homogeneous

DAll DMinus DAll DMinus DAll DMinus DAll DMinus

Hetero-ISODATA 1.73 1.09 1.65 1.12 1.77 1.09 1.75 1.08
Homo-ISODATA 1.93 1.36 1.68 1.03 1.95 1.41 1.94 1.09

Hetero-PCT 1.69 1.06 1.58 1.03 1.72 1.05 1.68 1.07
Homo-PCT 1.81 1.28 1.56 1.05 1.82 1.39 1.83 1.08

Hetero-ATDCA 1.48 1.07 1.45 1.04 1.67 1.07 1.54 1.06
Homo-ATDCA 1.72 1.22 1.46 1.07 1.71 1.31 1.74 1.06

Hetero-MORPH 1.05 1.01 1.03 1.02 1.06 1.02 1.06 1.04
Homo-MORPH 1.59 1.21 1.05 1.01 1.62 1.24 1.28 1.13

Hetero-PPI 1.52 1.08 1.56 1.08 1.72 1.08 1.59 1.07
Homo-PPI 1.65 1.28 1.54 1.12 1.73 1.34 1.71 1.07

Hetero-FINDR 1.49 1.06 1.51 1.05 1.69 1.06 1.54 1.08
Homo-FINDR 1.68 1.25 1.54 1.11 1.75 1.34 1.77 1.09

Hetero-LSU 1.03 1.01 1.03 1.01 1.04 1.03 1.03 1.01
Homo-LSU 1.39 1.19 1.03 1.01 1.41 1.23 1.18 1.12

resulted in values of DMinus which were close to 1. Despite
the fact that conventional hyperspectral imaging algorithms do
not take into account the spatial information explicitly into the
computations (which has traditionally been perceived as an ad-
vantage for the development of parallel implementations) and
taking into account that Hetero-MORPH introduces redundant
information expected to slow down the computation, results in
Table 7 indicate that this algorithm seems to be more effec-
tive in terms of workload distribution than most other tested
methods.

Taking into account the results presented above, and with
the ultimate goal of exploring issues of scalability, consid-
ered to be a highly desirable property in heterogeneous paral-
lel algorithms [14], we have also compared the performance
of the parallel heterogeneous information extraction techniques
on NASA’s GSFC Thunderhead Beowulf cluster. For that pur-
pose, Fig. 5 plots the speedups achieved by multi-processor
runs of the heterogeneous parallel algorithms over their cor-
responding single-processor runs on Thunderhead. We experi-
mentally tested that the scalability (and final processing times)
provided by the homogeneous versions was essentially the same
as that evidenced by the heterogeneous algorithms in Fig. 5.
Therefore, only results for the proposed parallel algorithms
are reported. It can be seen that Hetero-MORPH scaled better
than the other clustering/classification algorithms tested, while
the Hetero-PPI endmember extraction algorithm scaled signif-
icantly better than Hetero-FINDR. It is also clear that Hetero-
LSU was the algorithm that reached the highest speedup factors,
a fact that was previously observed in our experiments with the
four NOWs.

For the sake of quantitative comparison, Table 8 reports the
execution times achieved by the tested parallel heterogeneous
algorithms on Thunderhead, using different numbers of pro-
cessors. Results in Table 8 reveal that the tested algorithms
were able to obtain relevant information from the considered
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Fig. 5. Scalability of the parallel heterogeneous algorithms on NASA’s GSFC
Thunderhead Beowulf cluster.

hyperspectral data sets (in light of results in Tables 3 and 4),
but also quickly enough for practical use. For instance, us-
ing 256 processors, the Hetero-MORPH algorithm provided a
highly accurate classification result of the Indian Pines scene
in 11 s, only 4 s more than ATDCA, which was the fastest
algorithm. Since the single-processor run of Hetero-ATDCA
was twice as fast as that of Hetero-MORPH, we can see that
the latter algorithm scaled much better. On the other hand,
the combination of Hetero-FINDR for endmember extraction
followed by Hetero-LSU for spectral unmixing was able to pro-
vide an accurate estimation of fractional abundances at sub-
pixel level in only 13 s. The above results indicate significant
improvements over commonly used processing strategies for
this kind of high-dimensional data sets, which can take up to
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Table 8
Execution times (in seconds) for the parallel heterogeneous algorithms and their homogeneous versions on Thunderhead

Algorithm Number of processors

1 4 16 36 64 100 144 196 256

Hetero-ISODATA 2072 648 202 93 45 33 24 21 18
Hetero-PCT 1884 460 154 73 36 26 21 17 15
Hetero-ATDCA 1263 493 141 49 26 16 11 9 7
Hetero-MORPH 2334 741 191 74 40 26 18 13 11
Hetero-PPI 4012 1638 388 135 72 48 33 26 21
Hetero-FINDR 916 286 63 36 18 12 9 7 6
Hetero-LSU 1724 470 117 51 28 18 13 9 7

more than one hour of computation for the considered prob-
lem size, as indicated by the single-processor execution times
in Table 8.

Summarizing, experimental results in this paper revealed that
heterogeneous parallel algorithms offer a relatively platform-
independent and highly scalable solution to the problem of
extracting useful information and knowledge from hyperspec-
tral image data sets. Our quantitative assessment of different
parallel strategies for image information mining represents a
first attempt to provide a rigorous comparison of techniques
which, in most cases, represent completely novel contributions
(either from the perspective of designing computationally ef-
ficient versions of available sequential algorithms, or from the
viewpoint of developing completely new parallel algorithms
and techniques for this kind of high-dimensional image data).
Contrary to common perception that spatial/spectral informa-
tion extraction algorithms are too computationally demanding
for practical use, our results demonstrate that such combined
approaches may indeed be very appealing for parallel design
and implementation, not only due to the window-based nature
of such algorithms, but also because they can greatly reduce
sequential computations at the master node and involve only
minimal communication between the parallel tasks, namely, at
the beginning and ending of such tasks. Our experimental re-
sults also revealed several important algorithmic aspects that
may be of great importance for adapting existing hyperspec-
tral imaging techniques to highly heterogeneous NOWs, which
represent a cost-effective parallel computing platform for many
scientific and engineering applications. In particular, we feel
that the applicability of the proposed parallel heterogeneous
methods may extend beyond the domain of hyperspectral im-
age analysis. This is particularly true for the domains of signal
processing and linear algebra applications, which include sim-
ilar patterns of communication and calculation.

5. Conclusions and future work

In this paper, we have described some of the problems that
need to be addressed in order to translate the tremendous
advances in our ability to gather and store high-dimensional
remotely sensed data into fundamental, application-oriented
scientific advances through data-driven information extraction.
We have presented and thoroughly analyzed several innovative
parallel techniques for information mining from hyperspectral

data sets, and implemented them on several heterogeneous and
homogeneous computing platforms with the purpose of evalu-
ating the possibility of obtaining results in valid response times
and with adequate reliability in highly heterogeneous comput-
ing environments where these techniques are intended to be
applied. The considered approaches include: parallel clustering
approaches, able to associate together similar signature pat-
terns in spectral space; parallel classification techniques, able
to label each image pixel vector as member of a representative
class in terms of its spectral, and spatial/spectral information;
and parallel spectral mixture analysis methods, able to extract
information at sub-pixel levels by decomposing mixed pix-
els into a collection of spectrally pure constituents with their
corresponding fractional abundances. These methods offer a
highly representative sample of available and new techniques
in current hyperspectral analysis research which, despite the
enormous computational demands and potential societal im-
pact, has not yet developed standardized parallel-solution al-
gorithms able to tackle high-dimensional data sets in low-cost
parallel computing facilities such as distributed networks of
workstations.

Heterogeneous systems are rapidly becoming a tool of choice
in remote sensing missions, due to their low-cost, availabil-
ity (workstations are everywhere, and it is not difficult to put
together a network and/or a cluster, given the raw materials)
and scalability. To address specific issues involved in the ex-
ploitation of heterogeneous computing systems for image in-
formation extraction, this paper provided a detailed discussion
on the effects that platform heterogeneity has on degrading
parallel performance of hyperspectral analysis techniques. An
interesting finding by experiments is that spatial/spectral het-
erogeneous approaches offer a surprisingly simple, yet effective
and highly scalable approach. The parallel performance evalu-
ation strategy conducted in this work was based on experimen-
tally assessing heterogeneous algorithms by comparing their ef-
ficiency on (fully or partially) heterogeneous networks of work-
stations with the efficiency achieved by their homogeneous ver-
sions on equally powerful homogeneous networks. Combining
the readily available computational power offered by hetero-
geneous architectures with last-generation sensor and parallel
processing technology may introduce substantial changes in
the systems currently used by NASA and other agencies for
exploiting the sheer volume of Earth and planetary remotely
sensed data collected on a daily basis.
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As future work, we plan to implement the proposed parallel
techniques on other massively parallel computing architectures,
such as NASA’s Project Columbia or CEPBA’s Mare Nostrum
supercomputer. We are also developing field programmable gate
array implementations, which may allow us to fully accomplish
the goal of real-time, onboard information extraction from hy-
perspectral data sets. We also envision closer multidisciplinary
collaborations with environmental scientists to address global
monitoring land services and security issues which are the
main concern of several on-going and planned remote sensing
missions.
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