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Abstract—Cloud computing offers the possibility to store and
process massive amounts of remotely sensed hyperspectral data
in a distributed way. Dimensionality reduction is an important
task in hyperspectral imaging, as hyperspectral data often con-
tains redundancy that can be removed prior to analysis of the
data in repositories. In this regard, the development of dimen-
sionality reduction techniques in cloud computing environments
can provide both efficient storage and preprocessing of the data.
In this paper, we develop a parallel and distributed implementa-
tion of a widely used technique for hyperspectral dimensionality
reduction: principal component analysis (PCA), based on cloud
computing architectures. Our implementation utilizes Hadoop’s
distributed file system (HDFS) to realize distributed storage, uses
Apache Spark as the computing engine, and is developed based
on the map-reduce parallel model, taking full advantage of the
high throughput access and high performance distributed com-
puting capabilities of cloud computing environments. We first
optimized the traditional PCA algorithm to be well suited for par-
allel and distributed computing, and then we implemented it on
a real cloud computing architecture. Our experimental results,
conducted using several hyperspectral datasets, reveal very high
performance for the proposed distributed parallel method.
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I. INTRODUCTION

H YPERSPECTRAL images comprise hundreds of con-
tiguous spectral bands, thus imposing significant require-

ments in terms of storage and data processing. It is important to
efficiently reduce the dimensionality of hyperspectral images
and extract the primary features from hundreds of highly cor-
related spectral bands [1]. Since high-dimensional data spaces
are mostly empty and hyperspectral data concentrate primarily
in a subspace [2], it can be often reduced to a subspace without
affecting the data quality.

In recent decades, many techniques have been exploited for
bringing hyperspectral data to a lower dimensional space [3].
Principal component analysis (PCA) is a statistical procedure
that uses orthogonal transformations to convert a set of observa-
tions of (possibly correlated) variables into a set of values from
linearly uncorrelated variables called principal components [4].
Since the neighboring bands in a hyperspectral image are often
correlated, PCA can effectively transform the original data and
remove such correlation among the bands [5]. However, the
PCA algorithm is computationally intensive. To overcome this
problem, some researchers have resorted to multicore central
processing units (CPUs) and graphics processing units (GPUs)
[6]–[8] to accelerate the PCA transform for hyperspectral data
reduction.

Nevertheless, recent technological advances in satellite and
airborne remote sensing have increased exponentially the vol-
ume of remote sensing image data that has been already
collected and stored in hyperspectral data repositories. The
availability of new hyperspectral missions producing large
amounts of data on a daily basis has posed important challenges
for scalable and efficient processing of hyperspectral data in
the context of different applications such as those requiring
dimensionality reduction for data interpretation.

For example, the data collection rate of the NASA Jet
Propulsion Laboratory’s Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) [9] is 2.55 MB/s, which means that it
can obtain nearly 9 GB of data in 1 h. The Chinese Pushbroom
Hyperspectral Imager (PHI) has a data collection rate of
7.2 MB/s, and it can collect more than 25 GB data in 1 h. The
space-borne Hyperion instrument collects a hyperspectral data
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cube with 256×6925 pixels, 242 spectral bands and radiomet-
ric resolution of 12 bits in 30 s, collecting almost 71.9 GB data
in 1 h (over 1.6 TB daily). Other satellite missions that will be
soon in operation such as the environmental analysis and map-
ping program (EnMAP) present similar data collection ratios.
Since hyperspectral data repositories are becoming increas-
ingly massive and often distributed among several geographic
locations due to their volume, it is hard to meet the storage
and computational requirements of large-scale hyperspectral
data processing applications without resorting to distributed
computing facilities.

Distributed computing technologies are highly demanded for
this kind of dynamical, on-demand processing of large hyper-
spectral datasets. In the past, commodity clusters [10], grid
computing [11], [12], and cloud computing [13] platforms have
been explored for remotely sensed data processing. Recently,
cloud computing has become a standard for distributed
computing due to its advanced capabilities for internet-scale
computing, service-oriented computing, and high-performance
computing [14]. It offers the potential to tackle massive data
processing workloads by means of its distributed parallel archi-
tecture. Cloud computing can be seen as an evolution of
grid computing that relies on grid computing principles as its
backbone and infrastructure, so as to keep high performance
distributed computing capabilities [13]. As a result, the use of
cloud computing for the analysis of large hyperspectral data
repositories represents a natural solution as well as an evo-
lution of previously developed techniques for other kinds of
computing platforms. Nevertheless, to the best of our knowl-
edge (and despite the increasing demands of massive data
processing in the hyperspectral imaging field), there are very
few efforts in the literature oriented toward exploiting cloud
computing infrastructure for hyperspectral imaging techniques
in general and for dimensionality reduction algorithms in
particular.

In this paper, we introduce a new parallel and distributed
framework for massive hyperspectral image processing based
on cloud computing. Specifically, we use dimensionality reduc-
tion as a case study to demonstrate the applicability and effi-
ciency of utilizing cloud computing technologies to efficiently
perform distributed parallel processing of hyperspectral data
and accelerate hyperspectral data computations. To that end,
we develop a parallel and distributed implementation of the
PCA algorithm on a cloud environment, using advanced tech-
nologies such as Hadoop’s distributed file system (HDFS) and
Apache Spark as well as a map-reduce methodology. The effi-
ciency of our implementation is evaluated in terms of accuracy
and parallel execution performance, as compared with a serial
PCA implementation on a single CPU and a distributed parallel
version of PCA using Hadoop.

The remainder of this paper is organized as follows.
Section II describes the proposed parallel and distributed frame-
work. Section III presents the PCA algorithm and its distributed
parallel implementation for cloud computing architectures.
Section IV experimentally assesses the proposed method in
terms of both accuracy and computational performance. Finally,
Section V concludes the paper with some remarks and hints at
plausible future research lines.

II. PARALLEL AND DISTRIBUTED FRAMEWORK DESIGN

In order to develop a parallel and distributed framework for
PCA on cloud computing architectures, three main issues need
to be addressed: 1) the distributed programming model; 2) the
computing engine; and 3) how to obtain dynamical storage.

For distributed programming, we resort to the map-reduce
model for parallel processing across clusters of computers [15],
taking full advantage of the high-performance capabilities pro-
vided by the cloud computing architecture. In this model, a
task is processed by two distributed operations: map and reduce
[13], [16]. The datasets are organized as key/value pairs, and
the map function processes a key/value pair to generate a set
of intermediate pairs, dividing a task into several independent
subtasks to be run in parallel. The reduce function is in charge
of processing all intermediate values associated with the same
intermediate key, then collecting all the subtask results to gather
the result for the whole task.

Regarding the distributed computing engine, a possible solu-
tion is Apache Hadoop1 due to its reliability and scalability as
well as its completely open source nature [15]. It has been suc-
cessfully applied by IBM, Yahoo, and Facebook [13]. However,
Apache Hadoop only supports simple one-pass computations
(e.g., aggregation or database SQL queries) and is generally
not appropriate for multipass algorithms. Apache Spark2 is a
newly developed computing engine for large-scale data pro-
cessing on cloud computing architectures, which implements
a fault-tolerant abstraction for in-memory cluster computing,
and provides fast and general data processing on large clusters.
It not only supports simple one-pass computations but can also
be extended to the case of multipass algorithms, required for
more complex data analytics [17]. It extends the MapReduce
model to include primitives for data sharing, named resilient
distributed datasets (RDDs), and offers an API based on
coarse-grained transformations that allows them to recover
data efficiently using lineage. Aparche Spark has an advanced
directed acyclic graph (DAG) execution engine that supports
cyclic data flow and in-memory computing, and can run pro-
grams up to 100× faster than Hadoop MapReduce in memory,
or 10× faster on disk. To use Apache Spark, developers should
write a driver program that defines one or more RDDs, invokes
actions on them, and tracks the lineage of RDDs. The driver
program usually connects to a cluster of workers, which are
long-lived processes that can store RDD partitions in random
access memory (RAM) across operations [18]. At the Apache
Spark’s runtime, the user’s driver program launches multiple
workers, which read data blocks from a distributed file system
and can persist computed RDD partitions in memory.

Our application demands dynamical storage able to distribute
the data among several geographic locations. Fortunately, the
HDFS3 has been designed to be deployed on low-cost hardware,
as well as to provide high throughput access to application
data, especially for large datasets. We use the files in HDFS as
our input RDDs on Apache Spark for which we can use com-
mon interfaces [18]. For example, the function partitions ()

1[Online]. Available: https://hadoop.apache.org
2[Online]. Available: https://spark.apache.org/
3[Online]. Available: http://hadoop.apache.org/docs/r1.2.1/hdfs_design.html
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Fig. 1. Overview of our distributed parallel framework.

returns one partition for each block of the file (with the block’s
offset stored in each partition object). Similarly, the function
preferredLocations () gives a list of the nodes that contain
the block, and function iterator () can be used to read the
block. With the aforementioned issues in mind, the design of
our distributed parallel framework for hyperspectral data pro-
cessing using Apache Spark and HDFS is graphically outlined
in Fig. 1.

III. DISTRIBUTED PARALLEL IMPLEMENTATION OF PCA

A. PCA Algorithm

Let us assume that X = [Xij ]N×L is a hyperspectral image
with N pixel vectors and L spectral bands, where Xk =
(Xk1,Xk2, . . . ,XkL)

T is an L-dimensional vector of the kth
hyperspectral pixel observation. The traditional PCA algorithm
[5], [19] can be summarized by three steps:

Step 1) Compute the covariance matrix Σ = [Σij ]L×L as

Σij =
1

N − 1

N∑
t=1

(Xti − X̄i)(Xtj − X̄j) (1)

where X̄j =
1
N

N∑
t=1

Xtj denotes the mean value of

the jth band.
Step 2) Perform eigendecomposition on the covariance

matrix. The eigenvalues λ= [λ1, λ2, . . . λm],
arranged in descending order (so that
λ1 ≥ λ2 ≥ · · · ≥ λm), and the corresponding
eigenvectors V = [v1,v2, . . . ,vm] can be obtained
by the eigendecomposition of the covariance
matrix Σ.

Step 3) Projection transformation. The original data X can
be transformed by multiplying it by V as Y = XV .
In practice, we select k(k < m) eigenvalues and its
eigenvectors V ′ (instead of V ) to transform X ,
which reduces data redundancy.

B. Algorithm Optimization for Distributed Parallel
Implementation

The traditional PCA algorithm is not suitable for parallel
and distributed optimization due to the strong existing corre-
lation among the pixel vectors when calculating the covariance
matrix. It is quite expensive to compute the covariance matrix,
which has to do the decentration for every pixel vector, and
needs 2×N × L× L subtractions. Therefore, we optimize (1)
as follows:

Σij =
1

N − 1

N∑
k=1

(Xki − X̄i)(Xkj − X̄j)

=
1

N − 1

(
N∑

k=1

Xki∗Xkj −N∗X̄i∗X̄j

)
. (2)

By introducing 2× L× L multiplications, we only need
to perform L× L reductions. As in the case of hyperspec-
tral data N � L, this optimization greatly accelerates the
computation.

Then we have

Σ =
1

N − 1
(XT

N×L ∗XN×L −N ∗ X̄T ∗ X̄) (3)

where X̄ = (X̄1, X̄2, . . . , X̄L).
On the other hand, we have

ML×L = [Mij ]L×L = XT
N×L ∗XN×L. (4)

Normally, the calculation of Mij is based on multiplying
rows by columns of the hyperspectral data matrix (as (5) and
Fig. 2 show) and needs to traverse every pixel in a certain
band, thus having a significant requirement in terms of RAM
resources. Since N is generally large, it is difficult to meet
the RAM requirements. Moreover, the multiplication of rows
by columns is unsuitable to be implemented on distributed
environments

Mij =

N∑
t=1

Xti ∗Xtj . (5)

Therefore, we optimize (5) by multiplying rows by rows, as
described in (6) and graphically illustrated in Fig. 3

ML×L =

N∑
i=1

(XT
i∗ ∗Xi∗) (6)

where Xi∗ = (Xi1, Xi2, . . . , XiL).
Now each pixel vector just needs to be multiplied by itself,

and there is no correlation among the pixel vectors when
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Fig. 2. Calculation of Mij .

Fig. 3. Optimized calculation of Mij .

calculating Σ, which is well suited for parallel and distributed
computing. Moreover, every pixel vector can be sequentially
read from the data by rows, leading to a good data locality
of the program, and makes the cache memory more efficiently
exploited.

C. Parallel and Distributed Implementation on Spark

In this section, we describe the parallel and distributed
implementation of the different phases of PCA algorithm
and further describe the architecture-related optimizations
carried out in the development of the distributed parallel
implementation.

As described above, the eigendecomposition of the covari-
ance matrix is the most crucial and time-consuming procedure
of the optimized PCA algorithm. To take full advantage of the
high-performance capabilities provided by the cloud computing
architecture, we first utilize the map-reduce model to optimize
this procedure on Spark, as summarized in Algorithm 1.

Bearing in mind the distributed parallel framework described
in Section II and the map-reduce model, the PCA algorithm
can be implemented in parallel and distributed form by the
following steps, which are graphically summarized in Fig. 4.

1) First, we store the original hyperspectral datasets on
HDFS in a distributed and flexible way. Since the original
datasets are divided into many spatial-domain partitions,
we read every partition of the data on HDFS as a key-
value pair in which the key (named Offset) is the offset
of this partition in the original dataset, and the value

Algorithm 1. The eigendecomposition of covariance matrix
on Spark

Map Stage
Input : (X′

p×L)
Output : (Λz,Sz)

1. for(i = 1; i <= p; i++){
2. for(j = 1; j <= L; j ++){
3. Sj+ =X′

ij

4. for(k = j; k <= L; k ++){
5. Λz

jk+ =X′
ij∗X′

ik}}}
6. output(Λt,St)

Reduce Stage
Input : ((Λ1,Λ2, . . . ,Λr), (S1,S2, . . . ,Sr)),
Output : (V ,λ)

1. Λ= sum(Λ1,Λ2, . . . ,Λr)
2. S = sum(S1,S2, . . . ,Sr)
3. X̄= 1

nS
4. for(j = 1; j <= L; j ++){
5. for(k = j; k <= L; k ++){Λkj=Λjk}}
6. Σ = 1

N−1 (Λ−N∗X̄T ∗X̄)
7. [V ,λ] = Eigendecomposition(Σ)
8. output :(V ,λ)

(named Pixels) is the hyperspectral data partition (of byte
type). Thus, the hyperspectral dataset is read from HDFS
to NewHadoopRDD instances, which are then mapped
into MappedRDD. After that, the value pixels are trans-
formed into X ′

p×L, where p denotes the number of pixels
in the partition. The MappedRDD is cached in the RAM
for fast access.

2) Perform the map operation on DataRDD to get
PCARDD. The map operation is in charge of calculating
the summation Sum1×L of X ′

p×L (the partition corre-
sponding to the DataRDD) by bands, and the cumulative

sum matrix M ′
L×L =

p∑
i=1

(X′T
i∗ ∗X′

i∗). Since M ′ is a

typical symmetric matrix, we just need to store the upper
triangular matrix of M ′ as a vector r to reduce the trans-
mission overhead associated to the intermediate data. At
this moment, PCARDD will be a pair (Sum1×L, r),
obtained as the output of the map operation. Then, the
reduce operation is conducted on PCARDD to aggregate
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Fig. 4. Parallel and distributed implementation of PCA.

all the pairs (Sum1×L, r) by summation, and the final
result is submitted to the driver node.

3) Now the mean vector X̄ is first computed on the driver
node, and the input vector r is extended to a symmetric
matrix ML×L. After that, the covariance matrix Σ is cal-
culated and its eigendecomposition is efficiently realized
by invoking the EigenvalueDecomposition function
included in the JAMA (Java Matrix Package)4 library.

4) Now, we can obtain the first k eigenvalues (in descend-
ing order) and their corresponding eigenvectors to make
up V ′ and then broadcast them to worker nodes. At
this moment, PdataRDD is generated by the map oper-
ation, which calculates the projection of the partition
data Pixelp×L on the eigenvectors matrix V ′ named

4[Online]. Available: http://math.nist.gov/javanumerics/jama/

Prodata. The results are paired (Offset,Prodata)
as the output of the map operation.

IV. EXPERIMENTS

A. Experimental Configuration

The cloud computing platform used for experimental evalua-
tion in this work is built on a cluster that comprises nine nodes.
The master node is the virtual machine, built on a host (IBM
X3650M3) equipped with two Intel Xeon E5630 CPUs (eight
cores in total) at 2.53 GHz, with 5 GB RAM and 292 GB SAS
hard disk. The eight slave nodes are virtual machines built on 4
IBM BladeCenter HX5 blade computers. Each blade computer
is equipped with two Intel Xeon E7-4807 CPUs (12 cores in
total) at 1.86 GHz, and is connected to a 12 TB disk array by
SAS bus. After virtualization (using Vmware5 vSphere 5.1.0),
every virtual machine (slave node) is allocated with six cores
(logic processors). All nodes have Java 1.6.45, Apache Spark
1.4.1, Hadoop-1.2.1, and Ubuntu 12.04 as operating system
installed. During the Apache Spark execution, every slave node
launches two worker instances. The distributed parallel version
on Hadoop is implemented by Java programming, and the ver-
sion on Spark is realized by Java and Scala hybrid programming
in which Java is used for the computation part coding (the same
as the Hadoop version) and Scala is used for the logic control
part coding. Besides, the serial version is implemented accord-
ing to the algorithm described in Section III-A and executed on
one slave node.

The experiments were conducted using the well-known
AVIRIS Cuprite6 image with 224 spectral bands between 0.4
and 2.5 µm. Water absorption and low signal-to-noise ratio
(SNR) bands were removed prior to the analysis, including
bands 1−3, 105−115, 150−170, and 223−224. The final
dataset consists of 614× 512 pixels, 187 bands and a total
size of about 112 MB. In order to test the performance on
big datasets, five larger datasets have been artificially gen-
erated by simply mosaicking the original 112 MB dataset
(denoted as Dataset1) as follows: Dataset2, with 3070× 512
pixels and size of 560 MB; Dataset3 with 6140× 512 pix-
els and size of 1.09 GB; Dataset4, with 12280× 512 pix-
els and size of 2.18 GB; Dataset5, of 18420× 512 pixels
and size of 3.28 GB; Dataset6, with 24560× 512 pixels and
size of 4.37 GB; Dataset7, with 30700× 512 pixels and size
of 5.47 GB; Dataset8, with 61400× 512 pixels and size of
10.95 GB; Dataset9, with 92100× 512 pixels and size of
16.42 GB; and Dataset10, with 122800× 512 pixels and size of
21.89 GB. The computational performance and accuracy have
been assessed in our experiments in which k has been set to 100.
All of the measurements reported in the following experiments
are achieved after 10 Monte Carlo runs.

B. Accuracy Evaluation

First of all, we evaluate the accuracy of our parallel and dis-
tributed implementation of PCA on the original Dataset1, as
compared to the serial version and a MATLAB implementation

5[Online]. Available: http://www.vmware.com/
6[Online]. Available: http://aviris.jpl.nasa.gov/data/free_data.html



WU et al.: PARALLEL AND DISTRIBUTED DIMENSIONALITY REDUCTION OF HYPERSPECTRAL DATA 2275

TABLE I
FIRST FOUR EIGENVALUES OBTAINED BY THE THREE PCA VERSIONS

TABLE II
LAST FOUR EIGENVALUES OBTAINED BY THE THREE PCA VERSIONS

TABLE III
EXECUTION TIME AND SPEEDUP OF THE SERIAL AND DISTRIBUTED

PARALLEL VERSIONS OF PCA WITH DATASET1

of PCA. Tables I and II report a quantitative comparison based
on the first four largest eigenvalues and the last four smallest
eigenvalues obtained by the three PCA versions.

From Tables I and II, we can conclude that the proposed
serial and distributed parallel versions of PCA produce exactly
the same eigenvalues, with very slight differences with regards
to the MATLAB version.

C. Computational Performance Evaluation

In this section, we assess the computational performance
of the distributed parallel implementation on the 10 datasets
described in Section IV-A.

First, the experiments were performed on Dataset1 and
Dataset3 to test the acceleration effect of the distributed par-
allel implementation. Speedup comparisons between the serial
and parallel versions are given in Tables III and IV, where
Parallel(x) denotes the parallel version executed on a dis-
tributed platform consisting of one master node and x slaves,
with x = 1, 2, 4, 8. It is worth mentioning that we performed
spatial-domain partitioning, thus every pixel vector (i.e., spec-
tral signature) is stored in the same node. The partition sizes
(the number of pixels in each partition) of every execution are
listed in Tables III and IV, but the size of the last partition might
be smaller.

TABLE IV
EXECUTION TIME AND SPEEDUP OF THE SERIAL AND DISTRIBUTED

PARALLEL VERSIONS OF PCA WITH DATASET3

TABLE V
EXECUTION TIME OF THE DISTRIBUTED VERSION WITH DIFFERENT

NUMBERS OF PARTITIONS ON DATASET3

Fig. 5. Execution time comparison between the Spark version and the MPI
version.

Since the size of the partitions has a relevant impact on the
execution of the distributed parallel implementation, we empir-
ically set it to reach more than 80% CPU utilization of every
slave node during execution. To further demonstrate the impact
of partition size on the parallel implementation, let us take the
execution of Parallel(8) on Dataset3 as an example. Different
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Fig. 6. Execution time of the distributed version with different datasets.

numbers of partitions (8, 16, 24, 32, 40, 48, and 56) are cho-
sen for tests. Table V shows that 40 partitions represent the best
choice on the current platform consisting of one master node
and eight slaves.

It should also be noted that the initialization time comprises
the reading of the data, launching Apache Spark, and registering
the corresponding nodes. From Tables III and IV, we can con-
clude that the proposed parallel and distributed implementation
significantly accelerates the PCA computation on both datasets.
However, for the small Dataset1, using more nodes cannot lead
to higher speedup. This is expected, as in this case we need
more time to initialize, which represents a significant portion of
the total execution in the case of the small dataset. Fortunately,
since the initialization only takes a small percentage of the total
execution time in the case of Dataset3, the speedup increases
with the number of nodes as shown on Table IV. The distributed
version achieved a significant speedup of nearly 210× on the
considered platform (with one master and eight slaves).

In order to illustrate the superiority of our proposed frame-
work based on Spark, a comparison with the common cluster
programming approach message passing interface (MPI)7 is
performed on Dataset1, Dataset2, and Dataset3. The MPI-
like Java library MPJ Express,8 which is an open source Java
message passing library that allows application developers to
write and execute parallel applications for compute clusters, is
installed on the previous platform and is used to implement the
MPI version of PCA according to [20] based on master–slave
mode. Fig. 5 shows that the parallel and distributed version
based on Spark is more efficient than the MPI version when
processing the larger datasets. Further analysis reveals that the
bottleneck of the MPI version is data transfer. In our MPI ver-
sion of PCA, the original hyperspectral dataset is stored on the
master node. During the execution, the master needs to parti-
tion the dataset into several blocks, distribute them to the slave
nodes, and collect the results from these slave nodes after the
local computations have been completed. If we take the MPI

7[Online]. Available: http://www.mcs.anl.gov/research/projects/mpi/
8[Online]. Available: http://mpj-express.org/

execution for Dataset2 and Dataset3 as an example, we can
observe that the data distribution and results collection steps
take more than 15 s for Dataset2 and 25 s for Dataset3. This
means that our MPI version of PCA is not compute-bound when
dealing with large hyperspectral datasets. On the other side, our
Spark implementation greatly benefits from the dynamical stor-
age of HDFS, which is specifically designed to optimize the
distributed processing and management of very large files. As
a result, the Spark version is compute-bound, even for large
hyperspectral datasets. Although we are aware that our MPI
version could be further optimized, we have found that the use
of HDFS greatly simplifies the implementation leading to very
good performance in our context.

To evaluate the efficiency of our proposed distributed par-
allel implementation of PCA on larger datasets, we also
conducted experiments with Dataset4, Dataset5, Dataset6,
Dataset7, Dataset8, Dataset9, and Dataset10. In these cases, the
serial version cannot run on one node due to the limitation of
its memory resources. The results obtained using one master
node and eight slaves are given in Fig. 6. From this plot, we can
conclude that our proposed distributed parallel implementation
scales almost linearly with the size of the dataset. Moreover,
the parallel implementation is compute-bound for large datasets
(e.g., only 33.65% of the time is consumed by initialization for
the execution on Dataset10). This is an important consideration,
as it indicates that the proposed implementation scales better as
the data size becomes larger. For a hyperspectral dataset of size
larger than 21 GB, our approach needs less than 210 s to reduce
its dimensionality and store efficiently the data in the system.
This opens new avenues to exploit cloud computing technology
in hyperspectral imaging problems.

Furthermore, an experimental comparison was performed on
a Hadoop equipped platform, which has one NameNode and
eight DataNodes. The NameNode is a virtual machine cre-
ated on the host with an Intel Xeon E5630 CPU at 2.53 GHz
with eight cores by the Vmware vSphere. The DataNodes are
implemented by eight virtual machines created based on the
virtualization of a four-blade IBM BladeCenter HX5 with 48
cores by Vmware vSphere. Both NameNode and DataNodes
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Fig. 7. Execution time comparison between the Spark platform and the Hadoop platform.

are installed with Ubuntu 12.04, Hadoop 1.2.1, and Java 1.6.45.
Experimental results demonstrate that the two distributed par-
allel versions of PCA algorithm produce exactly the same
results, and the only difference between them is the comput-
ing performance, as shown graphically in Fig. 7. It proves
that, benefit from in-memory cluster computing, the Spark
platform provides faster data processing than the Hadoop
platform.

V. CONCLUSION AND FUTURE RESEARCH LINES

In this paper, we have discussed the possibility of exploit-
ing cloud computing architectures for parallel and distributed
dimensionality reduction and storing of remotely sensed hyper-
spectral datasets in large data repositories. As a case study,
we have presented a cloud computing implementation of the
PCA algorithm on Spark platform. Our experimental results
show the effectiveness of the proposed parallel and distributed
implementation, not only in terms of accuracy but also in terms
of computational performance. The proposed implementation
achieved significant speedups when compared to the serial
version, which is compelling not only for parallel hyperspec-
tral computing but also for distributed processing of the data,
which has not been as widely exploited in previous works. As
future work, we will implement other dimensionality reduction
and classification/unmixing algorithms using cloud computing
infrastructures.
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