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Figure 1:  The concept of hyperspectral imaging 
 

hyperspectral imaging.  One of such approaches has been the 
Automated Morphological Endmember Extraction algorithm 
(AMEE) method, which automatically extracts a set of pure 
spectral signatures corresponding to non-contaminated 
macroscopic components such as water, soil, vegetation, etc.  
These components, often called spectral “endmembers” in 
hyperspectral analysis terminology, can be used to “unmix” a 
given pixel by expressing its associated spectrum as a 
linear/nonlinear combination of pure components.  In some 
cases, spectral endmembers are ,also suitable to be used as 
input information for other applications.  For instance, there 
are many situations where a detailed knowledge of image 
endmembers is not enough to extract a detailed land-cover 
classification map.  In this context, artificial neural networks 
(ANNs) have demonstrated to be a powerful tool for 
hyperspectral imaging because the information provided by 
ANNs can not only be used to provide a hard classification, 
but also to obtain a soft classification, e.g., by taking into 
account the degree of membership (or similarity) of a certain 
input pattern (pixel vector) to a certain output class 
(endmember).  In the field of ANN-based hyperspectral 
imaging, self-organizing maps (SOMs) have been recognized 
as a very powerful tool to perform both hard and soft 
classification.  This model is based on an unsupervised 
learning strategy that does not require any previous test 
samples [8, 9].  Again, one of the main restrictions of SOM-
based analysis is the computation time involved. 
 While integrated spatial/spectral developments hold great 
promise for Earth science image analysis, they create new 
processing challenges.  In particular, the price paid for the 
wealth spatial and spectral information available from 
hyperspectral sensors is the enormous amounts of data that 
they generate.  In addition, analysis techniques in Earth 
observation studies are often computationally tedious, and 
require lengthy durations to calculate desired quantities.  
Several applications exist, however, where having the desired 
information calculated in near real-time is highly desirable.  
For instance, detection and/or tracking of natural disasters such 
as forest fires, oil spills, and other types of chemical 
contamination demands timely processing output. 

It is worth noting that, although parallel computing 

techniques have been widely used in general-purpose image 
processing applications [14], the use of large-scale computing 
facilities in hyperspectral imaging has been traditionally 
limited to a few institutions only.  However, nowadays it is 
possible to design low cost “commodity” high-performance 
systems by resorting to personal computers or workstations, 
connected through high performance communications 
networks.  In particular, Beowulf clusters were originally 
conceived at NASA’s Goddard Space Flight Center 
(NASA/GSFC) to create a cost-effective parallel computing 
system to satisfy specific computational requirements for 
applications such as those present in the Earth and space 
sciences community [10]. 

In this paper, we develop a new parallel 
morphologyical/neural approach for hyperspectral image 
classification, and specifically discuss implementation aspects 
using several commodity cluster-based architectures.  
Although several parallel algorithms for remote sensing image 
analysis already exist in the open literature [1, 2, 4, 6, 7, 16], 
our parallel algorithm is one of the few available methods that 
considers both the spatial and the spectral information in a 
natural way.  It relies on domain decomposition techniques 
aimed at minimizing inter-processor communication and 
maximizing load balance.  The remainder of the paper is 
organized as follows.  Section 2 describes the fundamentals of 
the proposed methodology, which rely on multi-channel 
mathematical morphology and ANNs.  Section 3 provides a 
detailed description of the parallel implementation, which is 
based on C++ and the MPI message passing library.  Section 4 
conducts a detailed study of the computational performance of 
the parallel implementation using two parallel computers:  an 
SGI Origin 2000 located at Barcelona Supercomputer Center 
(BSC) and the Thunderhead massively parallel supercomputer 
at NASA’s Goddard Space Flight Center (NASA/GSFC).  The 
paper concludes with some remarks and hints at plausible 
future research. 
 

2 Methodology 
 
 The proposed methods for hyperspectral analysis can be 
included in the category of spectral unmixing and 
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the AMEE and SOM algorithms. 
 

3 Parallel Implementation 
 
 The combined characteristics of the proposed 
morphological/neural algorithm described in the previous 
section introduces new considerations that need to be taken 
into account in order to exploit parallelism through well-
defined strategies.  In particular, two types of data parallelism 
can be exploited to optimize the proposed algorithm: spatial-
domain parallelism and spectral-domain parallelism.  Spatial-
domain parallelism subdivides the input image into multiple 
blocks made up of entire pixel vectors, and assigns one or 
more blocks to each processing element (PE).  On other hand, 
the spectral-domain parallel paradigm subdivides the whole 
multi-band data into blocks made up of contiguous spectral 
bands (sub-volumes), and assigns one or more sub-volumes to 
each PE.  The latter approach breaks the spectral identity of the 
data because each pixel vector is split amongst several PEs.  In 
the following, we provide a discussion on the two types of 
parallelism above and their impact on the individual steps 
(morphological/neural) of the proposed method. 
 
3.1 Parallelization of the Morphological Algorithm 
 
 In order to describe the partitioning scheme for the 
morphological operations described in Section 2, we have 
considered two different approaches to the problem: 
partitioning in the spatial domain and partitioning in the 
spectral domain.  The first option divides the hyperspectral 
image in multiple blocks, in a way that the pixels for each 
block preserve its entire spectral identity.  The second option 
divides the original image in blocks constituted by several 
bands, in a way that we can preserve the spatial identity for 
each band but all the pixels in each block lose their spectral 

identity.  In other words, if the partitioning scheme adopted 
were in the spatial domain, the information of a single pixel in 
the image would be scattered across several different 
processing units. 

If we take in account the fundamental characteristics of our 
method, which works with all of the spectral information 
associated to each pixel, the selection of a partitioning scheme 
in the spectral domain is critical and could substantially 
increase the costs of communication and/or coordination 
between processors [5].  Besides, the overhead introduced by 
the communication increases with the number of processors, 
thus introducing problem in the load balance accomplished by 
the designed algorithms [5].  On other hand, the spatial 
information is particularly relevant in the local neighborhood 
around each pixel [13].  This is a reason why a partitioning 
scheme in the spatial domain is able to preserve most of the 
information required for our morphological processing.  A 
final major point is that selection of a spatial partitioning 
scheme enhances load balance between different processors. 

At this point, we can introduce the concept of 
spatial/spectral parallelizable pattern (PEEP), which is defined 
as the maximum amount of information that the parallel 
system can process without the need for additional 
communication and/or coordination between processors [5].  
Such patterns are automatically generated by a partitioning 
module, as Figure 2 describes using two computing units.  In 
the example, the partition module divides the image into two 
PEEPs.  The values of the MEI index for two pixels of the 
original hyperspectral image are calculated in parallel by each 
of the processors, using a square-shaped SE of 3x3 pixels.  
Such values are then updated in a local 2-D image.  At the end 
of the process, the PM fuses the various local images obtaining 
a resulting 2-D image used as a baseline to extract a final set of 
endmembers. 
 An issue of major importance in the design of SE-based

 
 

 
 

Figure 2:  Concept of spatial/spectral parallelizable pattern (PEEP) and proposed partitioning scheme. 
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