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Abstract— Over the last few years, several new strategies for
spectral unmixing of remotely sensed hyperspectral data have
been proposed. Many of them have been developed to solve the
most time-consuming and relevant step: endmember extraction.
However, unmixing algorithms can be computationally very
expensive in terms of processing time and energy consumption,
a fact that compromises their use in applications under real-
time and energy/power constraints. In this letter, we present a
new parallel simplex growing algorithm (SGA) for hyperspectral
data which exploits the memory hierarchy with operations in
single-precision floating point. Those optimizations accelerate
the most time-consuming parts of this method using the open
computing language (OpenCL) standard. We have evaluated
the performance versus energy consumption using the same
open standard for parallel programming over a diverse set of
heterogeneous platforms. Experiments have been conducted using
real hyperspectral images collected by NASA’s Airborne Visible
Infrared Imaging Spectrometer and a collection of 24 synthetic
hyperspectral images simulated with different sizes and number
of endmembers (10–30). Considering the power consumption and
OpenCL across all the proposed devices, the analysis presented
indicates that the SGA can now be executed in computationally
efficient fashion, which was not possible before introducing the
parallel implementation described in this letter.

Index Terms— High performance computing (HPC), hyper-
spectral imaging, open computing language (OpenCL), simplex
growing algorithm (SGA), spectral unmixing.

I. INTRODUCTION

SEVERAL techniques have been proposed for spectral
unmixing of remotely sensed images in the last decades.

This is a challenging task that requires high performance
computing (HPC) for processing large images provided by
hyperspectral spectrometers [1], particularly in time-critical
applications, such as environmental monitoring, mineral detec-
tion, or military and defense/security purposes.
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Previous research studies [2], [3] have shown that the ever-
growing computational demands of these applications, which
often require real- or near real-time responses, can fully benefit
from these emerging computing platforms. Unfortunately, pro-
gramming heterogeneous systems is a laborious task that often
involves a deep knowledge of the underlying architecture.
Many proprietary standards and tools have been designed
in order to cover a closed set of architectures, and open
computing language (OpenCL) has become a free standard
for parallel programming on heterogeneous systems. Since
then, it has been adopted by many vendors for all sort of
computing devices. The main advantages of implementing
OpenCL concern the shorter time to market implementation
and the achieved portable codes with acceptable performance.
Recently, OpenCL has been used to implement many applica-
tions on heterogeneous systems, such as graphics processing
units (GPUs) [4], multicore processors [5], the Intel Xeon
Phi [6], and other custom devices [7]. Based on these studies,
previous works have shown that the use of multicore and GPUs
devices achieves significant acceleration factor over the Intel
Xeon Phi device.

In hyperspectral data analysis, one of the main problems
is the presence of mixed pure pixels (called endmembers)
collected by imaging spectrometers such as the Jet Propulsion
Laboratory’s Airborne Visible Infrared Imaging Spectrome-
ter (AVIRIS). These pixels are highly mixed in nature due to
spatial resolution and other phenomena. In this case, several
spectrally pure signatures are combined into the same (mixed)
pixel. Spectral unmixing [8] is an important technique to solve
this problem identifying pure spectral components and their
abundance fractions in each (possibly mixed) pixel of the
scene. Popular approaches for this purpose have been the
linear mixture model (LMM) and nonlinear mixture model.
In practice, the LMM is more flexible to adapt it to dif-
ferent analysis scenarios and most used for the community
to unmix remotely sensed hyperspectral data. Recently, sev-
eral unmixing approaches have been proposed to solve the
aforementioned problem using HPC systems and OpenCL:
multicore processors [9], commodity GPUs [10], and acceler-
ator devices [9]. Nevertheless, a detailed assessment in terms
of performance and energy consumption using OpenCL has
not been conducted in the field of hyperspectral analysis,
in which it is particularly important to achieve processing
results in real time with low energy cost. However, previ-
ous research studies about energy consumption using other
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Algorithm 1 : Pseudocode of the SGA
1: INPUT: Y, p̂ > 0

% Y is L×ns matrix with the hyperspectral data set, where
L is the number of spectral bands and ns is the number of
pixels (samples×lines).
% p̂ is an estimated value generated by any algorithm to
estimate the number of endmembers such as VD [14] or
HySime [15] algorithms.

2: OUTPUT: Ê
% Ê is L × p matrix with the spectral signatures for each
endmember.

3: n = 1
% r is an array corresponding to a pixel with all the spectral
bands.

4: en := arg

{
max

r

[∣∣∣∣det

[
1 1
t r

]∣∣∣∣
]}

% First initial endmember

pixel
5: Ên := [en]
6: for n to p − 1 do

7: V(e1, . . . , en, r) :=

�����det

�
1 1 . . . 1 1
e1 e2 . . . en r

������
n!

8: en+1 := arg
{

max
r [V(e1, . . . , en, r)]

}
9: Ê:= [Ê, en+1]

10: end for

parallel programming languages have been proposed in this
field [11], [12].

To address these issues, in this letter, we propose a paral-
lel implementation of the simplex growing algorithm (SGA)
for hyperspectral unmixing on different platforms using the
OpenCL framework. In [13], a sequential version was devel-
oped as an alternative to the N-FINDR algorithm and shown
to be a promising endmember extraction technique. The
same OpenCL SGA (P-SGA) implementation is compared
between several heterogeneous architectures over the well-
known AVIRIS image scene, cuprite, which has been widely
used to study endmember extraction. And also, a collection
of 24 synthetic hyperspectral images simulated with different
sizes and number of endmembers (10–30) on three differ-
ent architectures: Intel Xeon processor (multicore), NVidia
GeForce GTX (GPU), and Intel Xeon Phi (accelerator). The
OpenCL execution on the multicore CPU is considered as
the baseline for our experimental study. Experimental results
with aggressive optimizations, including operations in single-
precision floating point and local memory allowing coalesced
accesses to memory, reveal that the accuracy of the proposed
parallel implementation is not compromised with a speedup
factor of 2 using the GPU platform and including I/O and
data transfers between host and device.

II. SIMPLEX GROWING ALGORITHM

The SGA algorithm was proposed in [13] for spectral
unmixing. It was an alternative to the N-FINDR algorithm
and showed to be a promising endmember extraction tech-
nique that belongs to the second stage in the unmixing
chain process called endmember extraction algorithm. SGA

Fig. 1. Block diagram illustrating our mapping of the P-SGA method using
OpenCL with local memory.

(see Algorithm 1) assumes the presence of pure pixels on the
data, where initially we generate the first endmember by a
randomly generated target pixel t (step 3 in Algorithm 1).
Experimental results have shown that different selections for
the target pixel t do not effect on the final set of endmembers.
The following endmembers are generated by the volume
generation defined by step 6, where the maximum of all of
them is selected. This volume generation will be repeated until
a desired number of endmembers p is obtained. Finally, a set
of {e1, e2, . . . , ep} endmembers is obtained.

III. PARALLEL IMPLEMENTATION

In this section, we show our mapping of the SGA algorithm
using a new portable OpenCL code for a diverse set of
heterogeneous platforms. As can be seen in Fig. 1, three new
kernels have been developed to accelerate the main parts of the
algorithm using local memory. We have identified those stages
with a profiling of an optimized serial SGA implementation.
Those stages are highlighted in green in Algorithm 1. Before
explaining the parallel implementation, we will describe the
OpenCL framework.

OpenCL is a framework consolidated in the last years as a
standard for parallel programming. It is currently supported
by several hardware devices, such as CPUs, GPUs, field-
programmable gate array, DSPs, and other processors or
hardware accelerators. This standard is based on the host-
device model, where our program is divided into regions
executed on the host and other regions called kernel to express
the parallelism in the compute device. The OpenCL standard
is a C extension to facilitate the usage of parallelism with
vector types, operations, synchronization, and functions to
work with work-items and work-groups. We can use a work-
group with a limited number of work-items depending on the
selected device. Each work-group is executed independently
with respect to other work-groups. On the other hand, OpenCL
defines four different memory spaces for the compute device.
Global memory is read–write accessible by all processing
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Fig. 2. Parallel LU decomposition where the shaded cells in red and green
are stored in global and local memory, respectively.

elements across all work-groups, and it usually corresponds to
the dynamic random access memory memory device, which
carries a high access latency. Local memory is shared by a
group of processing elements, and it usually involves low
latency memory access. Constant memory is a read-only
memory that is visible to all work-items across all work-
groups, and private memory, as the name suggests, is only
accessible by a single work-item.

Before performing any parallel processing on the device,
a data distribution based on the spectral bands arrangement is
considered. With this data layout, the access to consecutive
pixels in the same spectral band performed by contiguous
work-items, can be coalesced into fewer memory transactions.
The parallelization is described as follows.

A matrix of maximum size ( p̂ + 1) × ( p̂ + 1) (being p̂
the input parameter which specifies the desired number of
endmembers) is built and stored in local memory for each
considered endmember. The first endmember is selected in
a random way and replaced by the real as first endmem-
ber. Afterward, an ad hoc particular kernel, called determi-
nant_calculation, computes the determinant of the previous
matrix using lower upper (LU) decomposition. We need to
calculate a determinant for each sample, processing in parallel
as many determinants as existing samples in each work-group.
In this decomposition (see Fig. 2), each work-item calculates
its value, so that we can obtain a value equal to 0 under the
main diagonal once processed each row of the matrix has
been processed. For this process, we took into account the
endmembers obtained previously. In this way, to look for a
new endmember, it is necessary to copy all the previous ones
to local memory, so all the possible candidates to become a
new endmember are located in the global memory. Due to this
strategy, the performance of this calculation is optimized. In
the same kernel, the volume for each determinant is calculated,
where each work-item obtains its relative value, so it can be
divided later on by its factorial in order to obtain the absolute
value. All obtained values are stored in a transposed matrix of
size ns .

Another ad hoc kernel, called volume_reduction, performs a
reduction process (see Fig. 3) for all the volume values along
two steps. In the first step, each work-item compares each

Fig. 3. Reduction process in local memory where local size is the length of
the work-group.

element to obtain the maximum value and store it in an array of
size p̂, located in the local memory. The second step performs
a small reduction in a serial way so the maximum volume is
obtained.

Once the maximum volume has been calculated, an ad hoc
kernel called endmember_extraction is performed in order to
extract all the spectral bands from the considered endmember.
During the extraction, each work-item stores each element in
a resultant array with a stride of p̂ elements.

These steps are repeated until the algorithm reaches up the
desired number of endmembers (parameter p̂). Finally, the
array with all the obtained endmembers is transferred to the
host memory.

IV. EXPERIMENTS AND RESULTS

A. Real and Synthetic Data Sets

The experiments are carried out using a collection of
24 synthetic hyperspectral images simulated with different
sizes (10 000–200 000 pixels) and number of endmembers
(10–30). The signatures are obtained from the U.S. Geological
Survey library and the scenes are generated using the pro-
cedure described in [16] to simulate natural spatial patterns.
These images comprise 224 narrow spectral bands between
0.4 and 2.5 µm. On the other hand, we have used the well-
known AVIRIS cuprite scene, collected by the AVIRIS in the
summer of 1997 and available online in reflectance units after
atmospheric correction. The portion comprises a relatively
large area (350 lines × 350 samples and 20-m pixels) and
224 spectral bands between 0.4 and 2.5 µm and a total size
of around 46 MB. Bands 1–3, 105–115, and 150–170 were
removed prior to the analysis due to water absorption and low
signal-to-noise ratio in those bands prior to the analysis.

B. Accuracy Evaluation

In order to analyze the accuracy of the parallel implemen-
tation, the well-known spectral angle distance (SAD) [17]
is adopted in Table I. First, it is important to emphasize
that our proposed implementation provides exactly the same
results, in terms of accuracy, as the single-threaded C-based
implementation of the algorithm. For this purpose, we have
extracted p = 19 endmembers after calculating the virtual
dimensionality [14] to estimate the number of endmembers for
the AVIRIS cuprite scene. The SAD was performed between
the extracted endmembers and ground-truth spectral signatures
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TABLE I

SPECTRAL ANGLE VALUES (IN DEGREES) BETWEEN THE ENDMEMBERS
EXTRACTED BY SGA AND THE KNOWN GROUND ENDMEMBERS

OVER THE AVIRIS CUPRITE SCENE

Fig. 4. Execution times achieved on CPU Xeon, NVidia GTX 980 GPU, and
Xeon Phi accelerator over the AVIRIS cuprite scene. The serial time executed
on CPU Xeon was 3.188 s.

obtaining quite low SAD scores on average, which indicates
that the implementation provides accurate results, since the
worst case of SAD is 90° and the best case is 0°.

C. Performance Evaluation

In this section, we conduct an experimental evaluation of the
computational performance of our optimized SGA implemen-
tation. First, the performance evaluation has been obtained on
a multicore heterogeneous system equipped with: 2 × Intel
Xeon processors E5-2695 v3 at 2.30 GHz with 64 GB of
DDR3 RAM memory. An NVidia GeForce GTX 980 GPU
with 2048 cores operating at 1.126 GHz and dedicated mem-
ory of 4 GB. And finally, an Intel Xeon Phi accelerator
31S1P coprocessor which features 57 cores supporting the
execution of four hardware threads (228 hardware threads
in total) operating at 1.100 GHz and 8-GB installed RAM
memory.

Both the parallel and the CPU implementations were
compiled using the GNU gcc-4.9.2 compiler with the -O3
optimization flag for each platform used. Note that for the CPU
implementation, only one of the available CPU cores was used.
For each experiment, ten runs were performed and we have
reported the mean value (the execution times were very similar
executions with differences on the order of a few millisec-
onds). On the one hand, the performance results with respect to
distribution work-load are shown in Fig. 4, where bars display
a break-down of the execution time for different work-group

TABLE II

MEAN EXECUTION TIMES (IN SECONDS) AND JOINTLY SPEEDUP
AND OPTIMUM WORK-GROUP SIZE (IN THE PARENTHESES) FOR THE

PROPOSED IMPLEMENTATION TESTED ON HETEROGENEOUS

PLATFORMS APPLIED TO 24 SYNTHETIC DATA SETS

CONTAINING 10, 20, AND 30 ENDMEMBERS

sizes (4–1024) and platforms. The stages represented are the
following: RAM->Device includes the image transfer from
host to device. Determinant_calculation, Volume_reduction,
and Endmember_extraction correspond to the execution time
for each kernel implemented. Finally, RAM<-Device includes
the endmember positions transfer time from device to host.
As can be seen, work-group size is negligible on the CPU
platform, but on the other devices, the effects are important
on the execution time. Another conclusion is derived from
our experiments with work-group size equals to 4. On the
GPU and Xeon Phi platforms, we have not enough work-
items to maximize the computing load and achieve better
performance. However, the performance improves on the CPU
Xeon, because this size is close to the maximum number of
cores.

For illustrative purposes, Table II shows the execution time
after processing 24 synthetic data sets on the considered
platforms and using an optimum work-group size. As can
be seen, the performance improves when the number of end-
member increases. Moreover, the observed speedups factors
are significant for each synthetic scene reaching around two
times acceleration considering the largest synthesized image
(400 pixel × 500 pixel) based on the NVidia GTX 980 GPU
respect to Xeon CPU. To conclude this section, we emphasize
that our reported P-SGA processing times are strictly in real-
time performance for all the platforms. The cross-track line
scan time in AVIRIS, a push-broom instrument, is quite fast
(8.3 ms to collect 512 full-pixel vectors). This introduces the
need to process the AVIRIS cuprite scene in less than 1.98 s
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Fig. 5. Power consumption of the P-SGA algorithm executed on the target platforms considering the largest synthesized image.

and the largest synthesized image in less than 3.24 s in order to
achieve real-time performance. As noted in Fig. 4 and Table II,
both reported times are below 1.98 and 3.24 s to fully achieve
real-time performance for this algorithm, for the first time in
the literature. These results indicate that our implementation
allowed for the first time to meet real-time requirements on a
fully operational unmixing chain using this algorithm.

D. Power Consumption Evaluation

In our experiments, the power consumption was measured
using the software solution PowerMeter daemon (pmlib) [18].
Gathering power results periodically from the tools provided
by manufacturers, namely, running average power limit for the
Intel Xeon CPU, NVidia Management Library for the NVidia
GPU, and Intel MicMGMT for the Xeon Phi.

From Fig. 5, a few conclusions can be extracted about the
power dissipation. First, if we analyze the graphics, the best
platform is CPU/GPU architecture [Fig. 5(b)], which dissipates
134 W on average (20.52 J), and 281 W at most. Compare
this, for example, with the 158 W (47.75 J) and 164 W
(76.95 J) on average, for CPU and CPU/Xeon Phi architec-
tures, respectively. Second, the best tradeoff solution between
performance measured in Mpixel/s and power consumption
is achieved by the GPU: 0.006 Mpixel/s/W versus 0.010 and
0.015 Mpixel/s/W for CPU and CPU/Xeon_Phi architectures
for a 10242 pixel image with 30 endmembers, respectively.

V. CONCLUSION AND FUTURE RESEARCH

In this letter, we have developed a new parallel implemen-
tation of the SGA for hyperspectral unmixing on different
platforms using the OpenCL framework. The obtained results
indicate that it is possible to achieve real-time performance
by exploiting the memory hierarchy with operations in single-
precision floating point using the NVidia GTX 980 GPU.
Moreover, the GPU platform achieves the best tradeoff solu-
tion ahead of CPU and CPU/Xeon_Phi architectures. Further
experimentation with additional large scenes and low power
devices will be conducted in the future.
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