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Abstract—This work investigates the parallel implementation of
target decomposition and unsupervised classification algorithms
for polarimetric synthetic aperture radar (POLSAR) data process-
ing. The algorithms are implemented using two different parallel
programming models: 1) clusters of CPUs, using message pass-
ing interface (MPI), and 2) commodity graphic processing units
(GPUs), using the compute device unified architecture (CUDA).
POLSAR data processing generally involves a large amount of
computations as the full polarimetric information needs to be
decomposed and analyzed. Our experiments reveal that GPU
architectures provide a good framework for massive paralleliza-
tion of POLSAR data processing. For instance, it is found that a
single GPU can be more efficient than a cluster of 128 nodes with
speedups of more than 100× in comparison with the single pro-
cessor times. The proposed implementation makes the best use of
low-level features in the GPU architecture such as shared memo-
ries, while also providing coalesced accesses to memory in order to
achieve maximum performance.

Index Terms—Clusters of computers, graphic processing units
(GPUs), high-performance computing, message passing interface
(MPI), polarimetric synthetic aperture radar (POLSAR), target
decomposition, unsupervised classification.

I. INTRODUCTION

T HE LAST decade has seen the launch of a number
of synthetic aperture radar (SAR) satellites such as

ALOS/PalSAR, Radarsat-2, and TerraSAR-X which can pro-
vide fully polarimetric data, and there are more satellites which
are scheduled to be launched in the near future (e.g., ALOS-3).
These developments have significantly increased the amount
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of applications based on the exploitation of polarimetric syn-
thetic aperture radar (POLSAR) data [1], [2]. POLSAR data
are often represented using a 3× 3 complex coherence matrix
and processing such data is computationally very expensive as
it involves complex arithmetic operations.
With the recent advances in high-performance computing

hardware, there has been a tremendous interest in developing
highly efficient parallel algorithms that can make the best possi-
ble use of an increasingly growing number of available parallel
resources. Commodity graphic processing units (GPUs) have
been widely used for high-performance computing applications
in remote sensing data processing. Their suitability is mainly
due to their low cost and programmability, which makes them
a very competitive platform with regard to other architectures
with lower power consumption such as multicores or field pro-
grammable gate arrays (FPGAs). For instance, in [3], a general
overview of remote sensing image processing using GPUs and
multicore architectures was provided. A comparison of FPGAs
and GPUs in hyperspectral remote sensing applications was
given in [4]. Several works on efficient implementations of
hyperspectral analysis algorithms have been discussed for dif-
ferent applications, such as spectral unmixing [5]–[7], target
detection [8], [9], compressive sensing [10], or segmentation
[11]. Acceleration of radiative transfer models in GPUs was dis-
cussed in [12]. Change detection was also accelerated in [13]
with significant speedups. In [14], a GPU implementation of
one-class support vector machine (SVM) was presented with
very high computational performance as compared to the CPU
version. Very high speedups are achieved in all these exam-
ples. There has also been some work on utilizing GPUs for
SAR image processing [15]–[20]. However, there is very lim-
ited work on using high-performance computing architectures
for efficient processing of POLSAR data.
In this work, we study the computational aspects of the com-

bination of Cloude and Pottier’s target decomposition technique
[21] and the complex Wishart classifier, which is essentially
a K-means classifier using the Wishart distance [22]. Target
decomposition classifies the image into eight types of scatter-
ing, with the categories of surface scattering, dipole scattering,
vegetation scattering, and multiple scattering mechanisms. But
such classification is not completely exact, as the boundaries of
the classes are somewhat arbitrarily chosen. The combination
of this target decomposition with the iterative Wishart classifier
produces better classification results (in unsupervised fashion)
as it uses the full polarimetric information.
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The basic observable in polarimetric data is a complex
scattering matrix, which is used to build the covariance and
coherence matrices that are further processed to analyze the
data. The classification method can be expensive in terms of
computation due to the high dimensionality of the data. In this
work, we develop two near real-time versions of the method
using parallel computing architectures. We first investigate the
implementation in a cluster, based on message passing inter-
face (MPI).1 Also an implementation of the algorithm has been
developed using compute device unified architecture (CUDA)2
and tested on an Nvidia Tesla M2075 GPU. Such an implemen-
tation can be used for near real-time on-board processing of
POLSAR data. The important aspects of data handling in the
GPU and the optimization of the kernel are addressed in greater
detail.
This paper is organized as follows. Section II describes the

POLSAR data processing chain of the standard target decompo-
sition algorithm. Section III describes the parallel architectures
used in this work, along with the parallel implementation of
this method in both (cluster and GPU) platforms. Section IV
presents an experimental evaluation of the proposed implemen-
tations in terms of parallel performance. Section V concludes
the paper with some remarks and hints on plausible future
research lines.

II. POLSAR DATA PROCESSING CHAIN FOR
UNSUPERVISED CLASSIFICATION

POLSAR data are often represented as a 3× 3 complex
coherence matrix (T ) that embeds all the information pertain-
ing to the different polarization combinations that, in turn,
characterize the scattering behavior in a pixel. The multilook
coherency matrix for n number of looks is given by

〈T 〉 = 1

n

n∑
j=1

kjk
T
j (1)

where kj is the complex Pauli scattering vector of the jth
pixel. The basic observable in POLSAR is a complex scattering
matrix with the following coefficients [23]:

S =

[
SHH SHV

SV H SV V

]
(2)

where the subscript HV , e.g., corresponds to the scatter-
ing element of horizontal transmitting and vertical receiving
polarizations. For unsupervised analysis of POLSAR data, the
coherence matrix is decomposed using an appropriate method
to characterize the scattering behavior at the surface. One of the
most commonly used decomposition algorithms is the entropy-
alpha-anisotropy (H/α/A) decomposition, which can be used
to cluster the POLSAR data into 16 classes [21]. Calculating
H, α, and A requires eigenvalue decomposition of the com-
plex coherence matrix at every pixel. The target decomposition
algorithm is framed by using the eigenvalues and eigenvectors

1[Online]. Available: http://www.mcs.anl.gov/research/projects/mpi/
2[Online]. Available: https://developer.nvidia.com/cuda-zone

of the multilook coherency matrix as follows:

〈T 〉 = λ1e1e
T
1 + λ2e2e

T
2 + λ3e3e

T
3 (3)

where λi and ei are eigenvalues and eigenvectors, respectively.
The entropy (H) can be defined as

H =

3∑
i=1

− PiloglPi (4)

where Pi =
λi
l∑

j=1
λj

.

The eigenvectors can be mathematically written as

ei = eiϕ1
[
cosαi sinαicosβie

iδi sinαisinβie
iγi

]T (5)

where α is the variation from surface scattering (0◦) to dipole
scattering (45◦) to double bounce scattering (90◦), β is twice
the polarization orientation angle, δ is the phase difference
between the SHH + SV V and SHH − SV V terms, γ is the
phase difference between the SHH + SV V and SHV terms, and
ϕ is the phase of the SHH + SV V term.
The average alpha angle is defined accordingly as

α =

3∑
i=1

Piαi. (6)

Anisotropy is defined as

A =
λ1 − λ2

λ1 + λ2
. (7)

The values of H and α are used to define nine classes indi-
cating various types of scattering mechanisms. The different
scattering mechanisms that can be classified are as follows:
1) Z9: low entropy surface scatterers (H < 0.5; α < 42.5),

e.g., scattering surfaces such as water, sea ice, and very
smooth land surfaces.

2) Z8: low entropy dipole scatterers (H < 0.5; 42.5 < α <
47.5), e.g., isolated dipoles.

3) Z7: low entropy multiple scatterers (H < 0.5; α > 47.5),
e.g., isolated dielectric and metallic dihedral scatterers.

4) Z6: medium entropy surface scattering (0.5 < H <
0.9; α < 40), e.g., oblate spheroidal scatterers (leafs and
discs).

5) Z5: medium entropy vegetation scattering (0.5 <
H < 0.9; 40 < α < 50), e.g., vegetated surfaces with
anisotropic scatterers.

6) Z4: medium entropy multiple scattering (0.5 < H <
0.9; α > 50), e.g., forestry and urban areas.

7) Z2: high entropy vegetation scattering (H > 0.9; 40 <
α < 52.5), e.g., forest canopies and highly anisotropic
bushes.

8) Z1: high entropy multiple scattering (H > 0.9; α >
52.5), e.g., vegetation with well-developed branch and
crown structure.

Z3 indicates high entropy surface scattering and is nonex-
istent. Fig. 1 shows the boundaries of various zones. These
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Fig. 1. Classification using target decomposition. The solid line indicates the
theoretical boundary of the scatter in the H – α plane.

classes can be further divided into 16 classes by setting a
threshold of 0.5 for anisotropy (A). The boundaries are though
arbitrarily chosen, some justifications for the choice are given
in [12] and [13].
The target decomposition algorithm only uses partial infor-

mation from the coherence matrix. So, this may result in some
of the clusters at the boundaries not being exactly classified or
maybe two or more clusters falling in the same region or the ele-
ments of the same cluster falling in different classes. This can
be avoided by using a combined classification with the Wishart
classifier, i.e., a K-means classifier using the Wishart distance.
The classes segmented in the target decomposition algorithm

are used as initial clusters for the Wishart classifier, which
is iterated till convergence is achieved. The mean of class
coherency matrices is found as

Vi =
1

ni

ni∑
j=1

〈T 〉j for all pixels in a class ωi (8)

where ni is the number of pixels in class i. The Wishart classifi-
cation is based on the distance measure of the coherency matrix
to the cluster center, as defined in (8). The distance measure of
a pixel to one of the cluster centers is then given by

d (〈T 〉,Vm) = ln|Vm|+ Tr
(
V −1
m 〈T 〉

)
. (9)

A pixel is assigned to the class ωm based on the minimum
distance method as

d (〈T 〉,Vm) d (〈T 〉,Vj) for all ωm �= ωj . (10)

The segmentation of the image can be further improved by
the iterations. The termination criterion is either the number of
pixels changing classes or a prespecified number of iterations.

III. PARALLEL IMPLEMENTATIONS

The considered processing chain involves estimation of
the complex coherence matrix at every pixel, eigenvalue

decomposition of the complex coherence matrix, calculation of
H and α values, performing the target decomposition to make
a first classification of the pixels into eight classes, and per-
forming several iterations of Wishart classifier to get a better
separation of the classes. The main computational aspect of
the processing chain is the eigenvalue decomposition of the
complex coherence matrix at every pixel. Since the complex-
coherence matrix is always a 3× 3 matrix for POLSAR data,
we simply use the direct formulas derived by solving the eigen-
value decomposition of a 3× 3 matrix which is reduced to
solving a complex cubic polynomial.

A. MPI Implementation

In the MPI programming model, a computation comprises
one or more processes that communicate by calling library rou-
tines to send and receive messages to other processes. In most
MPI implementations, a fixed set of processes is created at pro-
gram initialization, and one process is created per processor.
The flexibility of MPI allows us to make use of a multiple
program multiple data (MPMD) programming model or single
program multiple data (SPMD). In this work, SPMD model is
used for most of the execution time since the same program
is applied to all pixels in the scene. Processes can use point-
to-point communication operations to send a message from
one named process to another; these operations can be used to
implement local and unstructured communications. A group of
processes can call collective communication operations to per-
form commonly used global operations such as summation and
broadcast. MPI’s ability to probe for messages supports asyn-
chronous communication. Amechanism called a communicator
allows the MPI programmer to define modules that encapsulate
internal communication structures.
The pseudocode for the processing chain is shown in

Algorithm 1. We divide the execution into p processes executed
in parallel, where each process deals with a part of the data
consisting of approximately n/p pixels.

Algorithm 1. Pseudo-code of the MPI parallel implementa-
tion of POLSAR unsupervised classification algorithm.

n→ number of pixels
T9×n → Coherence matrix (each pixel has 9 elements)
p→ number of processes
k → number of classes
it→ number of iteration in Wishart classifier

1 parallel for i = 0 to p− 1
2 Ti ← Read_Coherence(T , i);
3 eigveci, eigvali ← Compute_Eigenv(Ti);
4 Hi, αi ← Compute_H_alpha(eigveci, eigvali);
5 Zi ← Targ_Decomp(Hi, αi);
6 for l = 0 to it
7 [Zi]l ←Wishart_Class(Ti, [Zi]l−1);
8 end for
9 end parallel for
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Fig. 2. Data representation for the coherence matrix in the memory.

Fig. 3. Illustration of computation of eigenvalues and eigenvectors in each
process.

1) Reading of the Coherence Matrix: The process of load-
ing the matrix T from hard disk to main memory is illustrated
in Fig. 2. Arrows indicate how the elements are stored in mem-
ory. Values in the same pixel are separated by n positions in
memory. The coherence matrix is a Hermitian matrix, i.e., the
element in the ith row and jth column is equal to the complex
conjugate of the element in the jth row and ith column, for all
indices i and i. Therefore, we only need the elements of the
diagonal and upper triangular matrix to be stored in hard disk,
and the lower triangular matrix can be computed and stored in
memory. The three diagonal elements are real and the six off-
diagonal elements are complex, so we have to store nine values
in memory to represent the coherence matrix.
We divide the data set into p parts. Each process will read

n/p pixels from T ∗ in the hard disk and store them in memory
as shown in Fig. 2, where Ti indicates the data of a group of
pixels handled by ith process.
2) Computation of Eigenvalues and Eigenvectors: As the

computation in each pixel is independent from the rest, each
process computes the eigenvalues and eigenvectors of all its
pixels one by one. Each process will read a pixel from its subset,
compute the eigenvalues and eigenvectors and store the results
in main memory as shown in Fig. 3. For each process, the
structure of the eigenvectors is an array of (n/p)× 9 contigu-
ous elements. The three values of each eigenvector are stored
in contiguous positions in memory, and the three eigenvectors
associated with a coherence matrix are also stored contigu-
ously. The same happens with the structure of the eigenvalues,
which is an array of (n/p)× 3 contiguous elements. The three
eigenvalues associated with a coherence matrix are stored in
contiguous positions. This configuration is efficient because

Fig. 4. Illustration of computation of H, α, and A in each process.

Fig. 5. Illustration of target decomposition computation.

Fig. 6. Illustration of the computation of partial sums and number of pixels in
each zone.

it allows us to store and read the values from contiguous
positions, thus making a better use of the cache memory.
3) Computation of H, α, and A: Again the computation

of the variables of interest (H, α, and A) for each pixel is
independent from the rest. Thus, each process will use the
eigenvalues and eigenvectors previously computed to compute
these variables for all pixels one by one. The results will be
stored in main memory as shown in Fig. 4. H, α, and A
structures are arrays of (n/p) contiguous elements.
4) Target Decomposition: Each process will classify its

pixels into an H− α plane divided into nine zones. The result
for each process is an array Z with integer values from 1 to 9
(labels). In memory, these values are stored as shown in Fig. 5.
5) Wishart Classifier: The method is divided into three

steps.
Using the previous classification, each process performs the

sum (partial sum) of all its pixels in each zone, and computes
how many pixels are in each zone of H-alpha plane. The results
are stored in two structures Si and n_ki as shown in Fig. 6.
The element in row j of Si corresponds with the addition

of all the pixels in Ti that belong to the zone j. Element j of
n_ki corresponds to the number of pixels in Ti belonging to
the zone j. After computing partial sums, a gather operation
is performed to combine all Si and n_ki structures into big-
ger structures in process 0 (we will call them S∗ and n_k∗).
With these data, process 0 can now compute the mean of each
zone (V mi), which is the centroid of each zone. Also V mi

−1

and deti are computed in process 0. These results are stored in
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Fig. 7. Illustration of centroids computation on process 0.

Fig. 8. Illustration of the broadcast operation to send centroids to each process
and update new classes.

[V m]l,
[
V m−1

]
l
, and [det]l, where l means the lth iteration

in K-means, as illustrated in Fig. 7.
Finally, a broadcast operation is performed to send [V m]l,[

V m−1
]
l
, and [det]l to each process. Thus, the distance of

each pixel to each centroid can be calculated, and the zone
associated with each pixel can be updated in Zi as shown in
Fig. 8.

B. GPU Implementation

The architecture of a GPU can be seen as a set of multipro-
cessors (MPs). Each MP is characterized by a single instruction
multiple data (SIMD) architecture, i.e., in each clock cycle,
each processor executes the same instruction but operating on
multiple data streams. Each processor has access to a local
shared memory and also to local cache memories in the MP,
while the MPs have access to the global GPU (device) mem-
ory. Unsurprisingly, the programming model for these devices
is similar to the architecture lying underneath. GPUs can be
abstracted in terms of a stream model under which all data sets
are represented as streams (i.e., ordered data sets). Algorithms
are constructed by chaining so-called kernels, which operate
on entire streams and which are executed by a MP, taking one

Fig. 9. Data representation of the coherence matrix in the global memory of
the GPU.

or more streams as inputs and producing one or more streams
as outputs. Thereby, data-level parallelism is exposed to hard-
ware, and kernels can be concurrently applied without any sort
of synchronization. The kernels can perform a kind of batch
processing arranged in the form of a grid of blocks, where each
block is composed by a group of threads that share data effi-
ciently through the shared local memory and synchronize their
execution for coordinating accesses to memory.
With the aforementioned general ideas in mind, the proposed

GPU implementation for terrain unsupervised classification
algorithm using POLSAR works as shown in Algorithm 2. The
same number of threads as the number of pixels is used in
our implementation, and the computation of the ith pixel is
performed by the ith thread.
1) Read Coherence Matrix: The host first reads the upper

triangular coherency matrix from hard disk and sends it to
device global memory d_T ; then each thread builds each own
full coherence matrix as shown in Fig. 9. The arrow indicates
how the elements are stored in memory. Values in same pixel
are separated by n positions in memory. To improve the transfer
bandwidth between host and device, a comparison using pinned
and pageable memory was performed. The conclusion of our
study was that pinned memory is faster than pageable memory
for the size of our dataset (576 MB). Specifically, for pageable
transfers, the host to device bandwidth (measured in GB/s) was
4.26 and the device to host bandwidth (measured in GB/s) was
3.98. On the other hand, for pinned transfers, the host to device
bandwidth (measured in GB/s) was 6.12 while the device to
host bandwidth (measured in GB/s) was 6.54.
2) Computation of Eigenvalues and Eigenvectors: The

computation of eigenvalues and eigenvectors in each pixel is
independent from the rest. So, the computation of each pixel
can be assigned to one thread in the GPU. For that purpose, we
maximize the number of threads per block, having a total num-
ber of threads th equal to the number of pixels n. The process
starts allocating each pixel in local memory in the registers of
the MPs. Due to the way the data are stored in memory (values
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Fig. 10. Illustration of how eigenvalues and eigenvectors are stored in global
memory.

in same pixel are separated by n positions in memory), we make
use of coalescence while reading the data, i.e., we are paralleliz-
ing the access to global memory. Once each pixel is loaded, the
ith thread performs the computation with the ith pixel and saves
the result back in global memory, as illustrated in Fig. 10. In
the calculation of the eigenvalues and eigenvectors, the memory
access is strided because each element of the coherence matrix
is separated in memory by n positions. This has an impact in
performance because, in order to read the complete coherence
matrix, we need to jump in the memory and we are not taking
advantage of cache memory. Since the access to the data is a
small part of the eigenvalue and eigenvector calculation, this
impact is small. The contiguous memory access can be more
efficient than strided memory, but this is the best configuration
for the GPU since it allows us to make use of coalesced access.

Algorithm 2. Pseudo-code of the GPU parallel implementa-
tion of POLSAR unsupervised classification algorithm.

d_∗ means data are stored in global memory of the GPU (‘d’
of device)

h_∗ means data are stored in main memory of CPU (‘h’ of
host)

n→ number of pixels
T9×n → Coherence matrix (each pixel has 9 elements)
th → number of threads
k → number of classes
it→ number of iteration in Wishart classifier

1 h_T ← Read_Coherence();
2 d_T ← cudaMemcpy(h_T );
3 th ← n;
4 parallel for i = 0 to th− 1
5 d_eigveci, d_eigvali ← Kernel_Eigenv(d_T );
6 d_Hi, d_αi ← Kernel_H_alpha(d_eigveci,

d_eigvali);
7 d_Zi ← Kernel_Targ_Decomp(d_Hi, d_αi);
8 for l = 0 to it
9 [d_Zi]l←Kernel_Wishart_Class(d_Ti, [d_Zi]l−1);
10 end for
11 end parallel for 10
12 h_Z ← cudaMemcpy(s_Z);

Fig. 11. Illustration of how H, α, and A are stored in global memory.

Fig. 12. Illustration of how each element classified by target decomposition is
stored in global memory by each thread.

3) Computation of H, α, and A: The number of threads
per block is maximized while computing H, α, and A. The ith
thread reads the ith eigenvalue from d_eigval and ith eigen-
vectors from d_eigvec and performs the calculation of H,
α, and A. Then, it saves the results in ith position of d_H ,
d_alpha, and d_A arrays in global memory. Fig. 11 shows
how these structures are stored in global memory.
4) Target Decomposition: For the target decomposition

step, we again maximize the number of threads per block. ith
thread reads ith element from d_H , d_alpha and the label
of the zone in H− α plane that pixel belongs to is recorded
in d_Z (see Fig. 1). Fig. 12 shows how the result is stored in
global memory.
5) Wishart Classifier: The computation of the Wishart

classifier comprises three kernels: 1) GPU_kmeans1_kernel;
2) GPU_kmeans2_kernel; and 3) GPU_kmeans3_kernel. In the
following, we describe these kernels in detail.

a) GPU_kmeans1_kernel: The total number of threads is
set to 1024 and the number of blocks to 16 (i.e., 64 threads per
block). The use of all the MPs in the GPU (a total of 14) is
guaranteed by this configuration, and we will have high occu-
pancy in the MPs because we have 32 cores in each one and
we are using 64 threads. Each thread will compute partial sums
for each zone of a subset of pixels (in this case, n

1024 pixels).
Also, each thread will compute the number of pixels in each
zone. Each pixel that the ith thread reads is separated in mem-
ory by 1024 positions. In this way, the consecutive positions
in memory are accessed with each consecutive read operation.
The partial sum Si and the number of pixels in each zone n_ki

are stored in local memory and updated at every iteration. This
process is shown in Fig. 13.
Finally, the partial results computed by each thread are stored

in global memory as illustrated in Fig. 14.
b) GPU_kmeans2_kernel: In this kernel, the number of

threads is reduced to 128. We use k threads to compute the
total number of elements in each zone. The ith thread reads
the ith row from [d_n_k]l and saves the result in local mem-
ory. Then 9× k threads are used to compute total sum in each
zone, reading data from [d_S]l, and saving the results in global
memory. At this point, we have the sum of all the pixels in
each zone and the total number of pixels in each zone. Finally,
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Fig. 13. Illustration of how the partial sums and the number of pixels in each
zone are computed by each thread in each iteration.

Fig. 14. Illustration of how the partial additions and the number of pixels in
each zone are stored in global memory in each iteration.

Fig. 15. Illustration of how [d_V mi]l,
[
d_V mi

−1
]
l
, and [deti]l struc-

tures are store by the threads in global memory.

Fig. 16. Illustration of how the class labels of pixels are updated.

we use k threads to perform the computation of [d_V mi]l,[
d_V mi

−1
]
l
, and [deti]l, and save them in global memory

as shown in Fig. 15.
c) GPU_kmeans3_kernel: In this kernel, the distance of

each pixel to each centroid is computed and the class label of
each pixel is updated depending on the closest centroid. We
maximize the number of threads per block, and we use as many
threads as the number of pixels in the image. First step consists
of copying [d_V mi]l,

[
d_V mi

−1
]
l
, and [deti]l to shared

memory of each block, as they will be used by all the threads
in the kernel. Then, the ith thread reads ith pixel from d_T ,
measures the distances with each centroid, and updates [d_Z]l.
This process is shown in Fig. 16.

TABLE I
HARDWARE SPECIFICATION OF A NODE IN THE CETA-CIEMAT

CLUSTER

TABLE II
SPECIFICATIONS OF TESLA M2075 GPU

Fig. 17. Foulum agricultural image in Jutland, Denmark, 1024× 1024 pixels.

C. Hardware Specification

This section describes the hardware resources used for par-
allel implementation. The high-performance computing cluster
at Extremadura Research Centre for Advanced Technologies
(CETA-CIEMAT) was employed. The cluster is a GPU cluster
with more than 100,000 GPU cores. We used just a portion of it,
composed by four bullx R424 E2 (four nodes per bullx), which
is a total of 16 nodes. Technical specifications of each node,
including CPU model,3 memory, etc., are shown in Table I. A
total of 192 cores are available for processing. All cluster nodes
are interconnected by Infiniband QDR (40 Gbps) and mounts a
distributed parallel filesystem using Lustre4 for user data. For
the implementation of the CPU version, we use one core of one
node and for the MPI version, we use up to 128 cores. The
specification of the Tesla M2075 GPU is given in Table II.

3[Online]. Available: http://ark.intel.com/es-es/products/52581/
4[Online]. Available: http://opensfs.org/lustre/
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Fig. 18. (a) Execution times for loading the data into the memory. (b) Speedups achieved by the cluster and a single GPU in comparison with the CPU.

Fig. 19. (a) Execution times for computation of eigenvalues and eigenvectors. (b) Speedups achieved by the cluster and a single GPU in comparison with the
CPU.

Fig. 20. (a) Execution times for computation of H, α, and A. (b) Speedups achieved by the cluster and a single GPU in comparison with the CPU.

IV. EXPERIMENTAL RESULTS

In this study, we use a real POLSAR data set acquired by
the fully polarimetric Danish airborne SAR system, EMISAR,
which operates at two frequencies, C-band (5.3 GHz/5.7 cm
wavelength) and L-band (1.25 GHz/24 cm wavelength),
respectively. The data are obtained from the POLSAR Pro
website.5 The data are acquired over Foulum, Denmark. The

5[Online]. Available: https://earth.esa.int/web/polsarpro/airborne-data-
sources

nominal one-look spatial resolution is 2m× 2m; the ground
range swath is approximately 12 km and typical incidence
angles range from 35◦ to 60◦. The processed data from this
system are fully calibrated by using an advanced internal
calibration system. The effective spatial resolution is approx-
imately 8m× 8m at midrange. Fig. 17(a) shows a false color
composite of the image.
In our experiments, we execute all the steps for terrain

unsupervised classification algorithm (i.e., eigenvalue and
eigenvector computation, H, α, and A computation, target
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Fig. 21. (a) Execution times for computation of target decomposition. (b) Speedups achieved by the cluster and a single GPU in comparison with the CPU.

Fig. 22. (a) Execution times for computation of Wishart classifier. (b) Speedups achieved by the cluster and a single GPU in comparison with the CPU.

decomposition, and complex Wishart classifier) using the three
different architectures mentioned previously (CPU, cluster, and
GPU). For the MPI version, we execute the processing chain
using different number of cores (2, 4, 8, 16, 32, 64, and 128).
Also, we measure the execution times for different sizes of
our dataset (from 256× 256 up to 4096× 4096 by increas-
ing the size of width and height by 256 each time). For sizes
bigger than 1024 × 1024, we replicate the image to create a
big image. To measure the time without bias, each individual
experiment was repeated 50 times and the average of the times
was computed. We used profiling tools such as NVIDIA Visual
Profiler to measure the performance of the different GPU ker-
nels and discover possible performance or memory issues. All
the implementations were compiled in the CentOS 6.5.
Operating system using gcc compiler version 4.4.7 and

release 6.0, V6.0.1 of CUDA compilation tools.

A. Results

The efficiency of the parallel implementation is estimated in
terms of the speedup achieved in comparison with the process-
ing using a single node. The computational time of loading the
data in the memory, eigenvalue decomposition, computation of
H, α, and A values, target decomposition, and Wishart classi-
fication is recorded separately and the speedups achieved at all
these stages are estimated. To achieve a consistent comparison,

all the reported times are calculated as the average of 50 execu-
tions of the same process. To measure the time of a stage using
more than one process, we keep the time stamp of all the pro-
cesses at the beginning and after the end, and then we compute
the difference between the maximum and the minimum of all
the recorded time stamps.
The results of the time taken for loading the data in the

cluster, the CPU, and the GPU for different configurations are
shown in Fig. 18. It can be seen that no speedup is achieved for
small data sets. However, very high speedups are achieved for
large datasets.
Figs. 19 and 20 show the execution time and speedups

achieved for the computation of eigenvalues and eigenvectors,
and the computation of H, α, and A, respectively. Figs. 21
and 22 show the execution time and speedups achieved for
the computation of target decomposition and Wishart classi-
fier methods. The total execution time for the processing chain
and the speedups achieved are shown in Fig. 23. It can be
clearly seen that a significant speedup is achieved in the com-
putation of the eigenvalues and eigenvectors. The speedups are
not necessarily equal to number of cores due to the fact that
different processes start and end at different time stamps. It
can be observed that near real-time performance is achieved
in the cluster even for large datasets. For a dataset of size
4096× 4096 pixels, the estimated computation time for the
entire processing chain is around 1.79 s for the MPI version
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Fig. 23. (a) Total execution times for the complete chain. (b) Speedups achieved by the cluster and a single GPU in comparison with the CPU.

TABLE III
TOTAL EXECUTION TIME AND SPEEDUPS FOR IMAGE SIZES OF

256× 256, 512× 512, 1024× 1024, 2048× 2048, AND 4096× 4096
ACHIEVED WITH THE THREE IMPLEMENTATIONS (CPU, MPI 128,

AND GPU)

using 128 cores and 1.20 s for the GPU version. Table III shows
the total execution time and speedups for image sizes of 256×
256, 512× 512, 1024× 1024, 2048× 2048, and 4096× 4096
achieved with the three implementations (CPU, MPI 128,
and GPU).
It is very interesting to note that a single GPU performs better

or similar when compared with MPI execution using 128 cores.
However, GPUs cannot handle very large datasets due to mem-
ory limitations. It can also be noted that there are local peaks
in performance for image sizes of 1024, 2048, and 4096, which
represent powers of 2. Additionally, Fig. 24 shows a pie chart
for the three different implementations in which the percentage
of the total execution time achieved in each step can be seen. It
can be seen that most of the time, the algorithm is performed
computation rather than memory operations. In this sense, the
algorithm is compute-bound. The shared memory size configu-
ration was set to cache L1 (as a preference) for all the kernels.
This means that we have a larger cache size (49 152 bytes) and
smaller shared memory size (16 384 bytes). Different kernels
have different configurations and different usage of resources.
According to this, the occupancy of the GPU for each ker-
nel can be summarized in Table IV. However, it has to be
noted that higher occupancy does not necessarily mean high
performance.

Fig. 24. Percentage of time of each step in the processing chain for the three
different implementations. (a) CPU. (b) MPI 128. (c) GPU.

TABLE IV
PERCENTAGE OF OCCUPANCY FOR EACH KERNEL IN THE GPU

The CPU and cluster versions produce exactly the same
result and the results are exact (except for 10 pixels) in the GPU
version. NVIDIA GPUs differ from the ×86 architecture in the
fact that rounding modes are encoded within each floating-point
instruction instead of dynamically using a floating-point control
word. As a result, different math libraries cannot be expected
to compute exactly the same result for a given input. This
applies to GPU programming as well: functions compiled for
the GPU will use the NVIDIA CUDA math library implemen-
tation while functions compiled for the CPU will use the host
compiler math library implementation (e.g., glibc on Linux).
Since these implementations are independent and none of them
guaranteed to be correctly rounded, the results may differ
slightly.
As the result of the implemented method is a classification

map, some of the pixels may lay very near to the border of two
classes. A small change in the values produced by the preci-
sion may result in the classification of a pixel to a different
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class. However, this may only happen for a very small num-
ber of pixels as compared to the total number of pixels in the
scene.

V. CONCLUSION AND FUTURE WORK

In this work, we have developed a near real-time parallel
implementation of the target decomposition algorithm for pro-
cessing POLSAR data. Two parallel versions of the algorithm
were developed. The first one using MPI on a cluster, and
the second one using the CUDA on a GPU. The performance
achieved for a single GPU is comparable in terms of processing
time with regard to using 128 nodes in a cluster of comput-
ers for large datasets, and is also significantly better for small
datasets. The bottleneck of the GPU implementation is the load-
ing time, as the data need to be stored in the CPU memory
first and then moved to the global GPU memory. In the future,
we are planning on extending this work by developing a FPGA
implementation and comparing the obtained results in terms of
power consumption to fully calibrate the possibility to exploit
these implementations onboard remote sensing instruments for
Earth observation.
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