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Abstract—The application of compressive sensing (CS) to
hyperspectral images is an active area of research over the past
few years, both in terms of the hardware and the signal process-
ing algorithms. However, CS algorithms can be computationally
very expensive due to the extremely large volumes of data col-
lected by imaging spectrometers, a fact that compromises their use
in applications under real-time constraints. This paper proposes
four efficient implementations of hyperspectral coded aperture
(HYCA) for CS, two of them termed P-HYCA and P-HYCA-FAST
and two additional implementations for its constrained version
(CHYCA), termed P-CHYCA and P-CHYCA-FAST on commod-
ity graphics processing units (GPUs). HYCA algorithm exploits
the high correlation existing among the spectral bands of the
hyperspectral data sets and the generally low number of endmem-
bers needed to explain the data, which largely reduces the number
of measurements necessary to correctly reconstruct the original
data. The proposed P-HYCA and P-CHYCA implementations
have been developed using the compute unified device architec-
ture (CUDA) and the cuFFT library. Moreover, this library has
been replaced by a fast iterative method in the P-HYCA-FAST and
P-CHYCA-FAST implementations that leads to very significant
speedup factors in order to achieve real-time requirements. The
proposed algorithms are evaluated not only in terms of reconstruc-
tion error for different compressions ratios but also in terms of
computational performance using two different GPU architectures
by NVIDIA: 1) GeForce GTX 590; and 2) GeForce GTX TITAN.
Experiments are conducted using both simulated and real data
revealing considerable acceleration factors and obtaining good
results in the task of compressing remotely sensed hyperspectral
data sets.

Index Terms—Coded aperture, compressive sensing (CS),
graphics processing units (GPUs), high-performance computing,
hyperspectral imaging.
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I. INTRODUCTION

H YPERSPECTRAL imaging instruments allow data col-
lection in hundreds or even thousands of spectral bands

(at different wavelength channels) for the same area on the sur-
face of the Earth [1]. For instance, NASA is continuously gath-
ering imagery data with instruments such as the Jet Propulsion
Laboratory’s Airborne Visible Infra-Red Imaging Spectrometer
(AVIRIS), which is able to record the visible and near-infrared
spectrum (wavelength region from 0.4 to 2.5 µm) of reflected
light in an area of 2 to 12 km wide and several kilometers
long, using 224 spectral bands [2]. The resulting multidimen-
sional data cube typically comprises several GBs per flight. As a
result, the computational requirements needed to store, manage,
and process these images are enormous [3].
An important problem in the analysis of hyperspectral data

is the presence of mixed pixels [4], which arise when the
low spatial resolution of the sensor is not enough to sepa-
rate spectrally distinct materials. Mixed pixels can also result
when distinct materials are combined into a homogeneous or
intimate mixture [5]. The spectra of the individual materials
which forms the mixed pixel are often called endmembers in
the hyperspectral imaging literature [6]. A challenging task in
hyperspectral imagery, called hyperspectral unmixing [4], aims
at determining the endmember signatures present in the data
and estimating their abundance fractions within each pixel. In
recent years, several approaches have been proposed to solve
the aforementioned problem using high-performance comput-
ing systems such as commodity clusters [7], which is a solution
very difficult to adapt to on-board systems. Other solutions
based on low-weight integrated components, such as field pro-
grammable gate arrays (FPGAs) [8], [9] are easier to adapt
to on-board systems. However, since algorithms are often in
progress and in course of optimization, together with the long
design and programmability times of FPGA technology, sug-
gest its employment only when the mathematical treatment will
be well consolidated. Possible alternatives are multicore pro-
cessors [10] and commodity graphics processing units (GPUs)
[11], which offer highly relevant computational power at low
cost, thus offering the opportunity to bridge the gap toward real-
time analysis of remotely sensed hyperspectral data [12]–[15].
Owing to the extremely large volumes of data collected

by imaging spectrometers, hyperspectral data compression
has received considerable interest in recent years [16], [17],
mainly due to their capability to simplify the hardware and
software requirements of the hyperspectral acquisition systems
[18]–[21]. These data are usually acquired by a satellite or
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an airborne instrument and sent to a ground station on Earth
for subsequent processing. Usually, the bandwidth connec-
tion between the satellite/airborne platform and the ground
station is reduced, which limits the amount of data that can
be transmitted. As a result, there is a clear need for (either
lossless or lossy) hyperspectral data compression techniques
that can be applied onboard the imaging instrument [22]–[24].
In contrast, compressive sensing (CS) [25], [26] involves
acquisition of the data in an already compressed form by
computing inner products, also termed measurements, between
known spectral vectors and the original data. This process is
sometimes called “coded aperture” because inner products can
be conceived as the total amount of light that is transmitted
trough masks acting on the aperture of the instrument. In CS,
the original data is inferred from the measurements by solving
a convex optimization problem. A necessary condition to
obtain good inferences is that the original data admits a sparse
or compressible representation in a given basis or frame. This
means that most of the coefficients of the representation in that
basis or frame are zero or small and, thus, the data can be well
approximated with just a small number of large coefficients.
It happens that hyperspectral images are often highly com-
pressible owing to a very high spatial and spectral correlation.
Therefore, this imaging modality is a perfect candidate to
apply the CS technology. Until now, there has been no effort to
accelerate coded aperture algorithms for hyperspectral images
using parallel techniques in the open literature.
In this paper, four computationally efficient implementa-

tions of an HYCA algorithm for CS on GPU platforms are
proposed. HYCA [27] algorithm and its constrained version
(CHYCA) are two algorithms that have been shown to be
very successful from the viewpoint of using CS for improving
the acquisition process of hyperspectral scenes. In this work,
these algorithms are performed with several optimizations for
accelerating their computational performance while maintain-
ing their accuracy. The first one exploits the GPU architecture
at low level, using shared memory and coalesced accesses to
memory. The second one is an optimization focused on the
use of a fast iterative method to solve a quadratic problem,
avoiding the use of cuFFT library. The obtained new fast ver-
sions are called P-HYCA-FAST and P-CHYCA-FAST. The
third one is focused on the configuration of a larger level one
(L1) cache size and a smaller shared memory in the kernel
developed on the P-HYCA-FAST and P-CHYCA-FAST imple-
mentations that lead to very significant speedup factors, thus
taking full advantage of the computational power of GPUs. The
considered implementations are intercompared in the context of
real hyperspectral imaging applications. NVidia GeForce GTX
590 and GTX TITAN platforms have been used to test the
proposed implementations with both synthetic and real hyper-
spectral scenes. Our study reveals that the NVidia GeForce
GTX TITAN GPU can provide real-time CS performance. The
implementations on GPUs have been carried out using NVidia
CUDA and the cuBLAS library.1 The cuFFT library2 is only
used on P-HYCA and P-CHYCA versions.

1[Online]. Available: http://developer.nvidia.com/cuBLAS.
2[Online]. Available: http://developer.nvidia.com/cuFFT.

This paper is organized as follows. Section II describes the
original HYCA, CHYCA, and the proposed fast optimization
for both methods. Section III describes the proposed GPU
implementations. Section IV presents an experimental evalua-
tion of the proposed implementations in terms of both accuracy
and parallel performance using synthetic and real hyperspectral
data sets on two GPU platforms. Finally, Section V concludes
with some remarks and hints at plausible future research lines.

II. DESCRIPTION OF THE METHODS

In this section, HYCA and CHYCA methods are intro-
duced and described in the following sections. Moreover, a fast
optimization for both cases is proposed to accelerate the CS
process.

A. HYCA Algorithm

The original HYCA method for CS was developed in [27].
This approach compresses the data on the acquisition process,
then the compressed signal is sent to Earth and stored in com-
pressed form. Later, the original signal can be recovered by
taking advantage of two key properties of hyperspectral images:
1) the spectral vectors live systematically in low-dimensional
subspaces [28]; and 2) the spectral bands present a high cor-
relation in the spatial domain. The former property allows to
represent the data vectors using a reduced set of spectral end-
members due to the mixing phenomenon and also exploits the
high spatial correlation of the fractional abundances associated
to the spectral endmembers.
Let xi ∈ R

nb , for i = 1, . . . , np, denote the np := nr × nc

spectral vectors of a hyperspectral image, where nr, nc, and nb

denote, respectively, the number of rows, columns, and bands
of the hyperspectral image, and x := [x1, . . . ,xnp

]T [the oper-
ator ()T stands for transpose] denote, in a vector format, the
hyperspectral image. In order to perform the compression of the
original signal x, and as in [27], for each pixel i ∈ {1, . . . , np},
a set of q inner products between xi and samples of i.i.d.
Gaussian random vectors is performed. The total number of
measurements is therefore q × np yielding an undersampling
factor of q/nb. This measurement operation can be represented
as a matrix multiplication

y = Ax (1)

where A is a block-diagonal matrix containing the matrices
Ai ∈ R

q×nb acting on the pixel xi, for i ∈ {1, . . . , np}. For
reasons linked with 1) the computational management of the
sampling process and 2) the spatial correlation length of hyper-
spectral images (see [27] for more details), matrices Ai are
organized into spatial windows of size ws× ws = m. Each
window contains the same set of matrices. All windows have
the same spatial configuration ofHj , for j = 1, . . . ,m.
The HYCA method also takes advantage of the fact that the

hyperspectral vectors xi generally live in a low-dimensional
subspace. This fact can be modeled by xi = Ezi, where E ∈
R

nb×p is a matrix whose columns spans the signal subspace and
zi ∈ R

p denotes the vector of coordinates with respect to the
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columns ofE. Defining z := [zT1 , . . . , z
T
np
]T , for i = 1, . . . , np,

we have

x = (I⊗E)z (2)

where E ∈ R
nb×p, with p� nb, ⊗ stands for Kronecker prod-

uct, and I is the identity matrix of suitable size. In this work, we
assume that the linear mixing model is a good approximation to
the spectral vectors xi [4] and, therefore, matrix E contains in
its columns the spectral signatures of the p endmembers. We
use the VCA algorithm [29] to infer E. Since E is the mixing
matrix, hence z contains the fractional abundances associated
to each pixel.
Let K = A(I⊗E). If matrices E and A are available, one

can formulate the estimation of z from (q × nx)-dimensional
vector of measurements. Since the fractional abundances in
hyperspectral images exhibit a high spatial correlation, we
exploit this feature for estimating z using the following opti-
mization problem:

min
z

(1/2)‖y −Kz‖2 + λTV TV(z)

subject to : z ≥ 0
(3)

whereTV(z) stands for the sum of nonisotropic total variations
(TVs) [30], [31] associated to z, one per image of abundance.
Defined as

TV(z) := φ(Dz)

where D := [DT
hD

T
v ]

T , Dh,Dv compute the horizontal and
vertical backward differences, assuming a cyclic boundary, and

φ(ϑ) :=

p∑
i=1

np∑
j=1

‖ϑ[i, j]‖

with ϑ := [ϑT
h ,ϑ

T
v ], ϑh standing for horizontal differences

and ϑv standing for vertical differences. The TV regularizer
promotes piecewise abundance images z. Therefore, the mini-
mization (2) aims at finding a solution which is a compromise
between the fidelity to the measured data, enforced by the
quadratic term (1/2)‖y −Kz‖2, and the properties enforced
by the TV regularizer, that is piecewise smooth image of abun-
dances. The relative weight between the two characteristics of
the solution is set the regularization parameter λTV > 0.
To solve the convex optimization problem in (3), a method-

ology closely related with the one presented in [32] is adopted.
The solution of this problem is obtained by an instance of
the alternating direction method of multipliers (ADMM) [33],
which decomposes very hard problems into a cyclic sequence
of simpler problems. With this in mind, an equivalent way of
writing the optimization problem in (3) is

min
z

1

2
‖y −Kz‖2 + λTV φ(Dz) + ιR+(z) (4)

where ιR+(z) =
∑pnp

i=1 ιR+(zi) is the indicator function (zi
represents the ith element of z and ιR+(zi) is zero if zi belongs
to the nonnegative orthant and +∞ otherwise). Given the

Algorithm 1. Pseudocode of HYCA algorithm

1. Initialization: set k = 0, choose μ > 0, E, z(0),
v
(0)
1 , v(0)

2 , v(0)
3 , v(0)

4 , d(0)
1 , d(0)

2 , d(0)
3 , d(0)

4

2. repeat:
3. aux = v

(k)
1 + d

(k)
1 + v

(k)
2 + d

(k)
2

z(k+1) ← (DTD+ 2I)
−1×(

aux+DT
h (v

(k)
3 +d

(k)
3 )+DT

v (v
(k)
4 +d

(k)
4 )

)
4. v

(k+1)
1 ← (KTK+ μI)

−1×(
KTy + μ(z(k+1) − d

(k)
1 )

)
5. v

(k+1)
2 ← max

(
0, z(k+1) − d

(k)
2

)
6. v

(k+1)
3 ← soft

(
Dh(z

(k+1))− d
(k)
3 , λTV /μ

)
7. v

(k+1)
4 ← soft

(
Dv(z

(k+1))− d
(k)
4 , λTV /μ

)
8. Update Lagrange multipliers:

d
(k+1)
1 ← d

(k)
1 − z(k+1) + v

(k+1)
1

d
(k+1)
2 ← d

(k)
2 − z(k+1) + v

(k+1)
2

d
(k+1)
3 ← d

(k)
3 −Dhz

(k+1) + v
(k+1)
3

d
(k+1)
4 ← d

(k)
4 −Dvz

(k+1) + v
(k+1)
4

9. Update iteration: k ← k + 1
10. until k = MAX_ITERATIONS
11. Reconstruction x̂ = (I⊗E)zk

objective function in (4), we can write the following equivalent
formulation:

min
z,v1,v2,v3,v4

1

2
‖y −Kv1‖2 + ιR+(v2) + λTV φ(Dz)

subject to v1 = z

v2 = z

(v3,v4) = Dz.

(5)

Algorithm 1 shows the pseudocode of the HYCA algorithm
to solve the problem in (5) and how to reconstruct the data
using (2).

B. CHYCA Algorithm

In order to avoid tuning the λTV parameter, another algo-
rithm called CHYCA was proposed in [27]. In this algorithm,
the reconstruction error term is constrained to ‖y −Kz‖2 ≤ δ
instead of being part of the objective function. The advantage
of this formulation is that δ may be set with basis on the noise
characteristics of the data set which are likely to be known
before hand.
As in HYCA, a set of new variables per term of the objective

function are introduced and the ADMM methodology [33] is
used to solve the CHYCA minimization problem

min
z≥0

TV(z) subject to : ‖y −Kz‖2 ≤ δ (6)

where δ is a scalar value linked to the noise statistics.
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Algorithm 2. Pseudocode of CHYCA algorithm

1. Initialization: set k = 0, choose μ > 0, E, z(0), v(0)
1 ,

v
(0)
2 , v(0)

3 , v(0)
4 , v(0)

5 , d(0)
1 , d(0)

2 , d(0)
3 , d(0)

4 , d(0)
5

2. repeat:
3. aux = v

(k)
1 + d

(k)
1 + v

(k)
2 + d

(k)
2

z(k+1) ← (DTD+ 2I)
−1×(

aux+DT
h (v

(k)
3 +d

(k)
3 )+DT

v (v
(k)
4 +d

(k)
4 )

)
4. v

(k+1)
1 ← (KTK+ I)

−1×[
(z(k+1) − d

(k)
1 ) +KT (−v(k)

5 + y − d
(k)
5 )

]
5. v

(k+1)
2 ← max

(
0, z(k+1) − d

(k)
2

)
6. v

(k+1)
3 ← soft

(
Dh(z

(k+1))− d
(k)
3 , 1/μ

)
7. v

(k+1)
4 ← soft

(
Dv(z

(k+1))− d
(k)
4 , 1/μ

)
8. yaux = y −Kv

(k+1)
1 − d

(k)
5

v
(k+1)
5 ←

{
yaux if‖yaux‖ ≤ δ
δyaux

‖yaux‖ otherwise,

9. Update Lagrange multipliers:
d
(k+1)
1 ← d

(k)
1 − z(k+1) + v

(k+1)
1

d
(k+1)
2 ← d

(k)
2 − z(k+1) + v

(k+1)
2

d
(k+1)
3 ← d

(k)
3 −Dhz

(k+1) + v
(k+1)
3

d
(k+1)
4 ← d

(k)
4 −Dvz

(k+1) + v
(k+1)
4

d
(k+1)
5 ← d

(k)
5 + v

(k+1)
5 − (y −Kv

(k+1)
1 )

10. Update iteration: k ← k + 1
11. until k = MAX_ITERATIONS
12. Reconstruction x̂ = (I⊗E)zk

By a careful choice of the new variables, the problem is con-
verted into a sequence of much simpler problems. With this in
mind, ιB(ε) is defined as the indicator on a ball of radius ε, i.e.,
ιB(ε)(z) = 0 if ‖z‖ ≤ ε and +∞ otherwise. With these defi-
nition in place, an equivalent way of writing the optimization
problem in (6) is

min
v1,v2,v3,v4,v5

φ(Dz) + ιB(δ)(v5) + ιR+(v2)

subject to : v1 = z

v2 = z

(v3,v4) = Dz

v5 = y −Kv1

(7)

which we solve via ADMM in a way similar to Algorithm 1.
Algorithm 2 shows the pseudocode of the CHYCA algorithm
to solve the problem in (7) and how to reconstruct the data
using (2).

C. Algorithmic Improvements

The step 3 of Algorithms 1 and 2 corresponds to
the solution of a system of equations Mz(k+1) = b

where M = (DTD+ 2I) and b =
(
v
(k)
1 + d

(k)
1 + v

(k)
2 +

d
(k)
2 +DT

h (v
(k)
3 + d

(k)
3 ) +DT

v (v
(k)
4 + d

(k)
4 )

)
. Given that the

matrices Dh and Dv are block circulant, corresponding to
two-dimensional (2-D) cyclic convolutions, then the compu-
tation of b and the solution of the linear system of equations
may be implemented efficiently in the frequency domain
with a complexity of O(pnp log(np)). However, because the
complexity involved in the matrix–vector multiplications of the
form Dhx and Dvx is of O(pnp), it may be advantageous to
solve the system Mz = b with a first-order stationary iterative
procedure [34], which has the form

for t = 0, 1, . . .

rt = Mzt − b

zt+1 = zt − βrt.

(8)

Let 0 < λmin < λmax denotes, respectively, the smallest
and the largest eigenvalues ofM. Therefore, the sequence zt+1

converges to the solution of the system Mz = b provided that
0 < β < 2/λmax [34]. In addition, the optimal convergence
factor is given by

ρopt =
1− λmin/λmax

1 + λminλmax
(9)

and is obtained with βopt = 2/(λmin + λmax). For the prob-
lem in hands, we have λmin = 2 and λmax = 8 and, therefore,
βopt = 1/6 and ρopt = 2/3. In these conditions, the conver-
gence rate, i.e., the number of iterations to attenuate the
error ‖zt − z∗‖, where z∗ = M−1b, by a factor of 10, is
−1/ log(2/3) = 5.57. In practice, it is not necessary to solve
exactly the linear system of equations in each ADMM iteration
as far as the errors are summable [33]. In ADMM iteration, we
initialize (8) with z(k) and run only a few iterations.
We now derive faster versions of HYCA and CHYCA. The

modified versions of HYCA and CHYCA are termed, respec-
tively, HYCA-FAST and CHYCA-FAST hereinafter. The pseu-
docode with the main modification in line 3 of Algorithms 1
and 2 is shown in Algorithm 3. In this way, the use of the fast
Fourier transform to solve the z optimization is avoided and a
fastest way to solve the optimization is provided.

Algorithm 3. Pseudocode of FAST optimization
. . .
3. Fast optimization:
3.1. set β = 1/6 (optimum value)
3.2. aux = v

(k)
1 + d

(k)
1 + v

(k)
2 + d

(k)
2

g(k) =
(
aux+DT

h (v
(k)
3 + d

(k)
3 ) +DT

v (v
(k)
4 + d

(k)
4 )

)
3.3. repeat:
3.3.1. r(f) = 2 z(f) +DT

h (Dh(z
(f)))+

DT
v (Dv(z

(f)))− g(k)

3.3.2. z(f+1) = z(f) − β∗r(f)
3.4. until f = DESIRED_ITERATIONS
. . .

III. GPU IMPLEMENTATIONS

GPUs can be abstracted as an array of highly threaded
streaming multiprocessors (SMs), where each multiprocessor
is characterized by a single instruction multiple data (SIMD)
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Fig. 1. Typical NVidia GPU architecture, computation, and data transfer flow
from/to CPU.

architecture, i.e., in each clock cycle each processor executes
the same instruction while operating on multiple data streams.
Each SM has a number of streaming processors that share a
control logic and instruction cache and have access to a local
shared memory and to local cache memories in the multipro-
cessor, while the multiprocessors have access to the global GPU
(device) memory. Fig. 1 presents a typical architecture and the
data flow communication between CPU and GPU.
The algorithms are constructed by chaining the so-called ker-

nels which operate on entire streams and which are executed
by a multiprocessor, taking one or more streams as inputs and
producing one or more streams as outputs. Thereby, data-level
parallelism is exposed to hardware, and kernels can be concur-
rently 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 efficiently through the shared local mem-
ory and synchronize their execution for coordinating accesses
to memory. As a result, there are different levels of memory in
the GPU for the thread, block, and grid concepts. There is also a
maximum number of threads that a block can contain (depend-
ing on the GPU model), however, the number of threads that
can be concurrently executed is much larger due to the fact that
several blocks executed by the same kernel can be managed
concurrently. With the above ideas in mind, the proposed imple-
mentations for HYCA, CHYCA, and their fast optimizations
are detailed as follows.

A. P-HYCA Implementation and Its Fast Optimization

The implementation of P-HYCA algorithm starts with an
initialization step. The cuBLAS and cuFFT libraries are first
initialized. After that the compressed hyperspectral image is
loaded band by band from the hard disk to the main memory of
the GPU. This arrangement intends to access consecutive pix-
els in the same wavelength in parallel by the processing kernels
(coalesced accesses to memory). This means that the ith thread

of a block will access the ith pixel for a given wavelength. This
technique is used to maximize global memory bandwidth and
minimize the number of bus transactions.
Once the original image is loaded in the global memory,

the kernel Compute_compression performs the projections
between the random vectors and the image pixels in order to
compress the data. For this purpose each thread will compute
the multiplication of the matrixHi with its corresponding pixel,
so that the total number of threads will be equal to the number
of pixels in the data set. The grid configuration of this kernel in
the GPU will contain Numb blocks with the maximum num-
ber of threads supported by the architecture (1024 for the GPU
considered). Thus, the number of blocks Numb will be given
by the expression

Numb =
⌈ np

1024

⌉
. (10)

Due to the fact that we have a small set ofHi matrices which
are systematically multiplied by the image pixels located inside
spatial windows, the compression matrices Hi are stored in
shared memory in order to optimize the memory access to the
Hi matrices. At the end of this process, the threads will store
the compressed measurements y in the global memory.
The next step precomputes the fixed terms (KTK+ μI)

−1

and (KTy) of Algorithm 1 in order to avoid repeated com-
putations inside the main loop from lines 2 to 10. Herein,
the term (KTK+ μI)

−1 in line 4 of Algorithm 1 is com-
puted in the CPU using the LAPACK3 package due to the
fact that the size of these matrices is small and it is not worth
to perform this computation in the GPU. However, (KTy) is
computed using a kernel called Compute_KTY, which will
perform the multiplication of the matrixKT by its correspond-
ing pixel. The grid configuration for this kernel is given by
expression (10) as explained before. In this kernel, the matrix
K is stored in shared memory to optimize the memory access to
the elements of this matrix. It is important to emphasize that we
have declared shared memory dynamically in all kernel launch
configurations. In this case, the shared memory allocation (size
per thread block) must be specified (in bytes) using an optional
third execution configuration parameter. Inside the kernel, the
shared memory array is declared by means of an unsized extern
array syntax, __extern__ double s[]. The size is simply deter-
mined from the third execution configuration parameter when
the kernel is launched.
The optimization of z in line 3 of Algorithm 1 is car-

ried out in two steps. First, a kernel computes the right
side of the equation: v(k)

1 + d
(k)
1 + v

(k)
2 + d

(k)
2 +DT

h (v
(k)
3 +

d
(k)
3 ) +DT

v (v
(k)
4 + d

(k)
4 ); here each thread computes one ele-

ment and the grid configuration is the same than the previous
kernels. Later, the optimization with respect to z is per-
formed using the cuFFT. Herein, two Fourier transform types
were used: real−to−complex (R2C) and complex−to−real
(C2R). Finally, the result is stored in global memory.
The optimization of v1 in line 4 of Algorithm 1 is carried out

with a kernel called Optimize_v1. This kernel uses the same
grid configuration as the previous ones. This kernel also makes

3[Online]. Available: http://www.netlib.org/lapack/.
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use of the shared memory to optimize the memory access to the
matrix (KTK+ μI)

−1, which was precomputed before. The
resulting v1 is stored in the global memory.
Line 5 in Algorithm 1 is carried out with a kernel called

Optimize_v2, which computes the maximum between 0 and
z(k+1) − d

(k)
2 . This kernel uses as many threads as the number

of elements of the vector (np), with the same grid configuration
as the previous kernels.
The optimization of v3 is carried out jointly by a single ker-

nel called Optimize_v3_v4, which computes the lines 6 and 7
in Algorithm 1. This kernel uses the same configuration as the
previous kernels with as many threads as the image pixels. In
this kernel each thread computes the horizontal and vertical dif-
ferences of one element and performs the soft function for the
corresponding element, where soft(·, τ) denotes the application
of the soft-threshold function b �→ b max{‖b‖2−τ,0}

max{‖b‖2−τ,0}+τ .
Finally, Lagrange multipliers update is computed with two

kernels called Compute_d12 and Compute_d34 which,
respectively, compute the update of the variables d1,d2 and
d3,d4.
The algorithm repeats this process until a number of itera-

tions k is reached. Once the estimated fractional abundances
z are computed, the algorithm reconstructs the original hyper-
spectral data set multiplying by the endmember matrix. This
process is performed using the cuBLAS library. Specifically,
the cublasSgemm function of cuBLAS was used to reconstruct
the image x̂.
Finally, a fast optimized version termed P-HYCA-FAST

has been implemented following the previous strategies except
the implementation of the line 3 from Algorithm 1. In this
version, a new kernel called Compute_z_Fast is used to
compute lines 3.3.1 and 3.3.2 of Algorithm 3. The kernel uses
the same grid configuration as the previous ones (one thread
per pixel). This kernel is called f times and performs the
update of both r and z variables. This kernel optimizes the
memory access by using the L1 cache memory. On CUDA
devices with a compute capability 2.0 or later (our case),
both the L1 cache and shared memory use the same hardware
resources, but CUDA allows setting a preferred size for the
L1 cache memory. The device sets a preference of larger L1
cache and smaller shared memory using the CUDA directive
cudaFuncSetCacheConfig("name_kernel," cudaFuncCa
chePreferL1). Due to the fact that this kernel does not use
shared memory, the memory access can be optimized with
a larger L1 cache memory in order to increase the kernel
performance.

B. P-CHYCA Implementation and Its Fast Optimization

The proposed P-CHYCA method follows the same strat-
egy as in the implementation of previous methods. The
main differences with regards to Algorithm 1 are highlighted
below. Line 4 in Algorithm 2 is carried out with two kernels
called Compute_KT_VYD and Optimize_v1_CHYCA,
respectively. The grid configuration for the first kernel is
given by expression (10) which calculates the operation:
KT (−v(k+1)

5 + y − d
(k)
5 ), where the matrix K is stored in

shared memory to optimize the memory access to the elements
of this matrix. In first place, each thread in this kernel computes
one element of the operation: (−v(k+1)

5 + y − d
(k)
5 ), stor-

ing the resulting VYD structure in global memory. Then,
each thread computes one element in the matrix multiplication
between KT and VYD. Once the above operation is com-
pleted, the second kernel is executed to compute the matrix
multiplication between (KTK+ μI)

−1, stored in shared mem-
ory, and the right side of the equation in Line 4, where the
same grid configuration as the previous one is used. Finally,
the optimization of v1 is stored in global memory.
On the other hand, the optimization of v5 is divided

into two kernels in Line 8. The first one is termed
Compute_Y_KV1_D5, here the grid configuration is the
same than the previous kernels. Thereby, each thread computes
one element of y − d5 and subtracts the matrix multiplica-
tion K by its corresponding element in v

(k+1)
1 leading to the

Y_KV1_D5 structure in global memory. Due to the fact that
this kernel does not use shared memory, the memory accesses
can be optimized with a larger L1 cache memory in order to
increase the kernel performance. Later the second kernel per-
forms a reduction process with a grid configuration given by
expression (11). This process uses shared memory and coa-
lesced memory accesses to add each element in Y_KV1_D5
structure. Note that in this case, the number of threads per block
is reduced to 512 in order to get a better performance

Numb =

⌈
np × q

512

⌉
. (11)

Once the optimization v5 is completed and stored in global
memory, the Lagrange multipliers are updated following the
P-HYCA scheme and the reconstruction of the original hyper-
spectral data set are performed. Note that the y −Kv

(k+1)
1

operation has been calculated previously.
Finally, a fast optimized version termed P-CHYCA-FAST

has been implemented as shown in Algorithm 3 using the same
strategy as in P-HYCA-FAST implementation.

IV. EXPERIMENTAL RESULTS

A. Hyperspectral Image Data

The experiments are carried out using three hyperspectral
images. The first two synthetic data sets used in our experi-
ments, denoted hereinafter as synthetic_1 and synthetic_2 were
generated from spectral signatures randomly selected from the
U.S. Geological Survey (USGS).4 Synthetic_1 consists of a
set of 5× 5 squares of 10× 10 pixels each one, yielding a
total size of 110× 110 pixels (10.8 MB). The first row of
squares contains the endmembers, the second row contains mix-
tures of two endmembers, the third row contains mixtures of
three endmembers, and so on. Fig. 2 displays the ground-truth
abundance maps used for generating the simulated imagery.
Synthetic_2 consists of a set of 30 signatures from the USGS
library and it is generated using the procedure described in [35]
to simulate natural spatial patterns, composed by a total size of

4[Online]. Available: http://speclab.cr.usgs.gov.
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Fig. 2. Ground-truth abundance maps of endmembers in the synthetic_1 hyperspectral data represented in gray scale. (a) Gray scale bar (white and black represent
1 and 0, respectively), endmembers (b) #1, (c) #2, (d) #3, (e) #4, and (f) #5.

Fig. 3. Gray-scale composition and three examples of ground-truth abundance maps of endmembers in the synthetic_2 hyperspectral data. (a) Gray scale bar
(white and black represent 1 and 0, respectively), (b) gray-scale composition, endmembers (c) #5, (d) #23, (e) #29.

600× 512 pixels (275 MB). Fig. 3 displays a gray-scale com-
position and three examples of ground-truth abundance maps
from the simulated image.
The third hyperspectral image considered in experiments

is the well-known AVIRIS Cuprite scene, available online in
reflectance units after atmospheric correction.5 This scene has
been widely used to validate the performance of endmember
extraction algorithms. The portion used in experiments corre-
sponds to a 250× 190 pixels subset of the sector labeled as
f970619t01p02_r02_sc03.a.rfl in the online data, which com-
prises 188 spectral bands in the range from 400 to 2500 nm and
a total size of around 36 MB. Water absorption bands as well
as bands with low signal-to-noise ratio (SNR) were removed
prior to the analysis. The site is well understood mineralogi-
cally, and has several exposed minerals of interest, including
Alunite, Buddingtonite, Calcite, Kaolinite, and Muscovite. For
this subimage, the number of endmembers were estimated by
Hysime method [28] and their signatures were extracted in a
very fast way through VCA algorithm [29].

B. Analysis of Accuracy

In order to evaluate the accuracy of the proposed imple-
mentations in terms of reconstruction error, the normalized
mean squared error (NMSE) between the original image and
the reconstructed image (after data compression and decom-
pression) and the peak signal-to-noise ratio (PSNR) have been
adopted as performance indicators. The first one is given by

NMSE = ‖x̂− x‖2F /‖x‖2F (12)

where x and x̂ denote the original and reconstructed hyperspec-
tral images, respectively, and ‖.‖F denotes the Frobenius norm.
The second performance indicator is given by

PSNR = 10 log10
max(x)2 × np × nb

‖x̂− x‖2F
. (13)

5[Online]. Available: http://aviris.jpl.nasa.gov.

With the aim of evaluating the proposed implementations at
different levels of compression we defined the number of mea-
surements q = p = 5 in the case of the synthetic_1 data set, q =
p/2 = 15 in the case of synthetic_2, and finally q = 5� p for
the real Cuprite data set. Thus, the compression ratios (nb/q)
are 44.8, 14.93, and 37.60. The window sizes considered were
ws = 2× 2, 4× 4, and 2× 2, respectively. These parameter
values were defined empirically.
Fig. 4 shows the PSNR achieved for the proposed imple-

mentations as a function of the number of iterations. In this
experiment one can see that P-HYCA or P-CHYCA and their
fast versions provide very similar values when the number
of iterations is high. However, in the first few iterations we
can appreciate the higher performance of the P-HYCA and
P-CHYCA versions. On the other hand, P-CHYCA presents
highest SNR in the AVIRIS Cuprite scene demonstrating their
good performance in real data sets.
Fig. 5 presents the NMSE maps for each data set for the

proposed implementations with k = 175 iterations. Notice that
the proposed methods provide very good results with very low
NMSE values. Note also that the scale of these figures is the
same in order to compare the P-HYCA or P-CHYCA and their
fast optimizations for each considered data set.

C. Analysis of Parallel Performance

The proposed parallel versions have been tested on two
different GPUs:
1) The first GPU (denoted hereinafter as GPU1) is the

NVidia GeForce GTX 590,6 which features 1024 proces-
sor cores operating at 1.215 GHz, total dedicated memory
of 3072 MB (1536 MB by GPU), 1707 MHz mem-
ory clock (with 384-bits GDDR5 interface per GPU)
and memory bandwidth of 327.7 GB/s. This GPU is

6[Online]. Available: http://www.geforce.com/hardware/desktop-gpus/
geforce-gtx-590/specifications.
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Fig. 4. PSNR between the original and the reconstructed images for (a), (c), and (e) P-HYCA and P-HYCA-FAST methods and (b), (d), and (f) P-CHYCA and
P-CHYCA-FAST methods. (a) Synthetic_1 for values of q = 5 and ws = 4. (b) Synthetic_1 for values of q = 5 and ws = 4. (c) Synthetic_2 for values of
q = 15 and ws = 16. (d) Synthetic_2 for values of q = 15 and ws = 16. (e) AVIRIS Cuprite for values of q = 5 and ws = 4. (f) AVIRIS Cuprite for values of
q = 5 and ws = 4.

connected to a multicore Intel i7-2600 CPU at 3.40 GHz
with four physical cores and 16 GB of DDR3 RAM
memory.

2) The second GPU (denoted hereinafter as GPU2) used
is the NVidia GeForce GTX TITAN,7 which features
2688 processor cores operating at 876 MHz, total ded-
icated memory of 6144 MB, 6.0 Gbps memory clock
(with 384-bit GDDR5 interface) and memory bandwidth
of 288.4 GB/s. This GPU is connected to a multicore Intel
i7-4770K CPU at 3.50 GHz with four physical cores and
32 GB of DDR3 RAM memory.

Before describing the parallel algorithm performance results,
it is important to emphasize that the GPU versions provide
exactly the same results as the serial versions of the imple-
mented algorithms, using the gcc-4.8.2 (gnu compiler default)

7[Online]. Available: http://www.geforce.com/hardware/desktop-gpus/
geforce-gtx-titan/specifications.

with optimization flags -O3 (for the single-core version) to
exploit data locality and avoid redundant computations. Note
that for the serial HYCA implementation, the 3.3.4 FFTW
library8 version has been used. Hence, the only difference
between the serial and parallel versions is the time they need
to complete their calculations. The serial algorithms were exe-
cuted in one of the available CPU cores, whereas the parallel
version developed for the GPU GTX 590 has been executed
using one of the two GPUs available in the system. For each
experiment, 10 runs were performed and the mean values were
reported (these times were always very similar, with differences
on the order of a few milliseconds).
Table I shows the execution time of the compression method

[see expression (1)] for the synthetic and real data sets with
the compression ratios shown in Section IV-B. These results

8[Online]. Available: http://www.fftw.org/#documentation.
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Fig. 5. Each column represents the NMSE maps between the original (Synthetic_1, Synthetic_2, and AVIRIS Cuprite, respectively) and the reconstructed data sets
for different compression ratios. (a)–(c) P-HYCA, (d)–(f) P-HYCA-FAST, (g)–(i) P-CHYCA, and (j)–(l) P-CHYCA-FAST algorithms. (a) q = 5 and ws = 4.
(b) q = 15 and ws = 16. (c) q = 5 and ws = 4. (d) q = 5 and ws = 4. (e) q = 15 and ws = 16. (f) q = 5 and ws = 4. (g) q = 5 and ws = 4. (h) q = 15
and ws = 16. (i) q = 5 and ws = 4. (j) q = 5 and ws = 4. (k) q = 15 and ws = 16. (l) q = 5 and ws = 4.

report speedups higher than 56×, achieved on the GPU2
device. As expected the speedup is higher for the largest
image (Synthetic_2), this is manly because the paralleliza-
tion is performed in a pixel-based scheme, thus the speedup
grows with the number of pixels of the image. Notice that the
speedup results for GPU2 are better than GPU1 since GPU2
has more processing cores and more dedicated memory on the
device.
Tables II–V summarize the time results and speedups mea-

sured after processing synthetic and real hyperspectral images
on the considered GPU platforms during 175 iterations. The
processing times for the P-HYCA method and P-HYCA-FAST
methods are presented in Tables II and III, respectively. It is
worth noting that P-HYCA-FAST achieves higher speedups
factors when compared with P-HYCA method. After compar-
ing P-CHYCA and P-CHYCA-FAST processing times, which

are presented in Tables IV and V, one can conclude that
P-CHYCA-FAST achieves better performance.
It should be also noted that the cross-track line scan

time in AVIRIS, a push-broom instrument [2], is quite fast
(8.3 ms to collect 512 full pixel vectors). This introduces
the need to process the considered scenes in less than 0.196,
0.770, and 4.980 s, for Synthetic_1, AVIRIS Cuprite, and
Synthetic_2 datasets, respectively, in order to achieve real-
time performance. As shown in Tables II–V, all the scenes
could be processed in real-time using method P-HYCA-FAST
on GPU2 device, which results in speedups higher than
100×, while all other methods only could be processed in
near real time. This is due to the optimizations that include
the iterative method in order to calculate the z coefficients,
being one of the most time consuming part for both parallel
implementations.
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TABLE I
PROCESSING TIMES (IN SECONDS) AND SPEEDUPS ACHIEVED FOR THE PROPOSED COMPRESSION METHODOLOGY IN TWO DIFFERENT PLATFORMS

AND TESTED WITH SYNTHETIC AND REAL DATA SETS

TABLE II
PROCESSING TIMES (IN SECONDS) AND SPEEDUPS ACHIEVED FOR THE P-HYCA IN TWO DIFFERENT PLATFORMS AND TESTED WITH SYNTHETIC

AND REAL DATA SETS

TABLE III
PROCESSING TIMES (IN SECONDS) AND SPEEDUPS ACHIEVED FOR THE P-HYCA-FAST IN TWO DIFFERENT PLATFORMS AND TESTED

WITH SYNTHETIC AND REAL DATA SETS

V. CONCLUSION AND FUTURE RESEARCH LINES

In this work, we have developed computationally efficient
implementations of HYCA and CHYCA methods for hyper-
spectral CS on GPU platforms. The significant speedups
reported in the experiments is expected to bridge the gap toward

real-time CS of hyperspectral data sets, which is a highly
desirable requirement for many remote sensing applications.
The performance of the proposed implementations has been
evaluated (in terms of the quality of the solutions provided and
their parallel performance) using a real data set collected by
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TABLE IV
PROCESSING TIMES (IN SECONDS) AND SPEEDUPS ACHIEVED FOR THE P-CHYCA IN TWO DIFFERENT PLATFORMS AND TESTED WITH SYNTHETIC

AND REAL DATA SETS

TABLE V
PROCESSING TIMES (IN SECONDS) AND SPEEDUPS ACHIEVED FOR THE P-CHYCA-FAST IN TWO DIFFERENT PLATFORMS AND TESTED

WITH SYNTHETIC AND REAL DATA SETS

the AVIRIS instrument and synthetic scenarios. The experimen-
tal results reported in this paper indicate that remotely sensed
hyperspectral imaging can greatly benefit from the development
of efficient implementations of CS algorithms in specialized
hardware devices for better exploitation of high-dimensional
data sets. In this case, real-time performance could be obtained
using the P-HYCA-FAST version and the NVidia GeForce
GTX TITAN device, one of the latest GPU models character-
ized by the integration of a significant number of processing
cores.
Although the results reported in this paper are very encour-

aging, in future work we will continue exploring additional
strategies for optimization, such as splitting the original hyper-
spectral image into subimages and applying a multiGPU imple-
mentation to each of them. We are also investigating the use

of OpenCL as a computing standard for multicore architec-
tures. Moreover, other high-performance computing architec-
tures such as digital signal processors (DSPs) or FPGAs will be
also explored due to their capacity to be used as onboard pro-
cessing modules in airborne and, particularly, spaceborne Earth
observation missions.
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