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Abstract—Classification is one of the most important analysis
techniques for hyperspectral image analysis. Sparse representa-
tion is an extremely powerful tool for this purpose, but the high
computational complexity of sparse representation-based classifi-
cation techniques limits their application in time-critical scenarios.
To improve the efficiency and performance of sparse representa-
tion classification techniques for hyperspectral image analysis, this
paper develops a new parallel implementation on graphics pro-
cessing units (GPUs). First, an optimized sparse representation
model based on spatial correlation regularization and a spec-
tral fidelity term is introduced. Then, we use this approach as a
case study to illustrate the advantages and potential challenges
of applying GPU parallel optimization principles to the consid-
ered problem. The first GPU optimization algorithm for sparse
representation classification (SRCSC_P) of hyperspectral images
is proposed in this paper, and a parallel implementation of the
proposed method is developed using compute unified device archi-
tecture (CUDA) on GPUs. The GPU parallel implementation is
compared with the serial and multicore implementations on CPUs.
Experimental results based on real hyperspectral datasets show
that the average speedup of SRCSC_P is more than 130×, and
the proposed approach is able to provide results accurately and
fast, which is appealing for computationally efficient hyperspectral
data processing.

Index Terms—Classification, graphics processing units (GPUs),
hyperspectral image, parallel optimization, sparse representation.
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I. INTRODUCTION

H YPERSPECTRAL imaging instruments collect hun-
dreds of narrow spectral bands spanning the visible to

infrared parts of the electromagnetic spectrum. In hyperspec-
tral image cubes, each pixel can be represented by a vector
whose entries correspond to the spectral bands, providing a rep-
resentative spectral signature of the underlying materials within
the pixel [1]. Since different materials often reflect electromag-
netic energy differently at specific wavelengths, it is possible
to discriminate various materials using the spectral signature
characteristics.

During recent years, hyperspectral remote sensing has been
widely used in various fields of Earth observation and space
exploration. Classification is one of the most popular and
important techniques for hyperspectral image interpretation. It
amounts at labeling the pixels into a set of predefined classes
[2]. Over the last decade, various supervised and unsupervised
methods have been developed for hyperspectral image classifi-
cation [3], [4], including support vector machines (SVMs) [5],
[6], artificial neural networks (ANNs) [7], multinomial logistic
regression (MLR) [8], orthogonal matching pursuit (OMP) [9],
and composite kernels (CK) [10]–[12]. Among this extensive
set of techniques, SVMs have been shown to be highly effec-
tive for solving the supervised classification problem from the
viewpoint of both computational performance and classification
accuracy. Several variations of SVM-based methods have also
been proposed: multiple kernel SVMs [5], Markov random field
(MRF)-based SVMs [14], or adaptive MRF-based SVMs [15],
among several others.

With the recent advances in compressed sensing and
sparse representation theory and applications [16]–[18],
sparse representation-based classification (SRC) methods have
received great attention in hyperspectral imaging [20], [21].
This approach relies on the fact that a single pixel in a hyper-
spectral image can be sparsely represented by a linear combi-
nation of a few training samples from a structured dictionary.
The sparse representation of an unknown pixel is expressed as
a sparse vector whose nonzero entries correspond to the weights
of the selected training samples [19]. The class label of the test
sample can be easily determined via the sparse vector that is
recovered by solving a sparse optimization problem.

Previous work has shown that SRC methods often lead to the
state-of-the-art classification accuracy in hyperspectral imaging
[19], [20]. However, their application to real problems is com-
promised by the fact that they often suffer from instability and
high complexity of the model solution.
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1) On one hand, the instability of the SRC solution is mainly
due to the high mutual coherency of the dictionary [22].
Fortunately, this aspect can be improved by either explor-
ing the dependencies of neighboring pixels or by exploit-
ing the inherent dictionary structure. It is well known
that in hyperspectral images, neighboring pixels usu-
ally comprise similar materials and have similar spectral
characteristics, especially in homogeneous regions. The
structured priors [19]–[21] have been exploited in this
context to enforce spatial correlations and dependencies
on the sparse coefficients and thus improve classification
accuracy.

2) On the other hand, the high computational complexity
of SRC-based methods often limits their application in
time-critical scenarios. Unlike SVMs, SRC searches for
dedicated atoms in the training dictionary for each test
pixel [19], without involving a training stage as it is the
case of SVMs. Thus, SRC-based classification is gen-
erally more computationally intensive than SVM-based
classification.

Recent advances in high-performance computing have
opened new avenues to overcome the aforementioned computa-
tional challenges. It is important to note that high-performance
computing technologies can be used to accelerate hyperspec-
tral image processing algorithms in order to make them suitable
for time-critical scenarios [23]–[25], including target detection
for military purposes, monitoring of chemical contamination,
wildfire tracking, and so on.

In this regard, graphic processing units (GPUs) have recently
emerged as a commodity platform for many compute-intensive,
massively parallel, and data-intensive computations [13], [26].
GPU-based parallel computing offers a tremendous potential
to bridge the gap toward real-time analysis of hyperspectral
images. Among recent developments, a novel GPU-based par-
allel hyperspectral unmixing method combining two widely
used algorithms: vertex component analysis (VCA) and sparse
unmixing by variable splitting and augmented Lagrangian
(SUNSAL) has been reported in [27]. Two efficient implemen-
tations of a full hyperspectral unmixing chain on two different
kinds of high-performance computing architectures: GPUs and
multicore processors, are described in [28]. A near-real-time
automatic target detection algorithm has been reported in [29].
An improved implementation of the pixel purity index (PPI)
algorithm for endmember extraction has been described in [30].
A new parallel implementation of the VCA algorithm for spec-
tral unmixing on commodity GPUs is given in [31]. However,
to the best of our knowledge, and despite the importance of
SRC methods in the hyperspectral imaging, there are no avail-
able GPU implementations for this category of algorithms in
the literature.

In this paper, we propose a novel parallel SRC method for
hyperspectral image classification on GPUs. First, we introduce
an optimized SRC model based on a spatial correlation regular-
ization term and a spectral fidelity term. The method promotes
the stability and accuracy of classification result by spreading
the label information of each training sample to its neigh-
bors until achieving a global stable state on the whole dataset.
Then, we use this SRC method as a case study to illustrate the
advantages and potential challenges of utilizing GPU parallel

computing principles to dramatically improve the computation
speed of the proposed approach. The parallel implementation is
carried out using NVidia’s compute unified device architecture
(CUDA), and the results of the presented method are compared
with serial and multicore CPU implementations.

This paper is organized as follows. Section II describes the
optimized SRC model based on spatial correlation. Section III
presents its parallel implementation on GPUs using CUDA.
Section IV provides an experimental assessment in terms of
classification accuracy and processing performance for the pro-
posed GPU-based parallel algorithm, using real hyperspectral
data sets. Finally, Section V concludes with some remarks and
hints at plausible future research lines.

II. OPTIMIZED SPARSE REPRESENTATION METHOD

BASED ON SPATIAL CORRELATION

A. Sparse Representation Classification (SRC)

SRC can be seen as an effective combination of machine
learning and compressed sensing. The test samples are directly
classified based on training samples, with no need for a detailed
learning procedure. In fact, SRC has been proved to be an
extremely powerful tool for hyperspectral image classification
[20], which often leads to the state-of-the-art performance. In
hyperspectral imaging, a test spectral sample can be approxi-
mately represented by a few training samples among a given
over-complete training dictionary, and the class label of a
test pixel is determined by the characteristics of the sparse
vector recovered by a sparsity-constrained optimization prob-
lem. The fundamental assumption is that the spectral signals
in the same class usually lie in a low-dimensional subspace.
To define the problem in mathematical terms, let us assume
that there are K distinct classes, including J training samples
in total. The kth class has Nk training samples, denoted as
Ak = [ak

1 ,a
k
2 , . . . ,a

k
Nk

] ∈ RL×Nk , where L is the number of
spectral bands. Let x ∈ RL be an L-dimensional hyperspec-
tral pixel vector. If x belongs to the kth class, then its spectrum
approximately lies in a low-dimensional subspace spanned by
the training samples of the kth class, which can be compactly
represented by a linear combination of these training samples
as follows:

x ≈ ak
1s

k
1 + ak

2s
k
2 + · · ·+ ak

Nk
skNk

= Aksk (1)

where sk = [sk1 , s
k
2 , . . . , s

k
Nk

]T ∈ RNk is an unknown sparse
vector whose entries are the weights of the corresponding atoms
in the subdictionary Ak. An unknown test sample x can be
modeled as

x=A1s1+A2s2+ · · ·+AKsK=[A1. . .AK ][s1. . .sK ]T=Aŝ
(2)

where A = [A1,A2, . . . ,AK ] ∈ RL×J is a structured dictio-
nary formed by the concatenation of several class-wise sub-

dictionaries consisting of training samples, J =
K∑

k=1

Nk, and

ŝ = [s1 . . . sK ]T ∈ RJ is a sparse vector formed by concate-
nating the sparse vectors {sk}k=1,2,...,K . It is worth noting
that in the ideal case, if x belongs to the k-th class, then
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sj = 0 ∀j = 1, . . . ,K, j �= k. Thus, the classification prob-
lem can be formulated as a l0 sparse optimization problem [16],
which is often relaxed to a linear programming problem

ŝ = argmins
1

2
‖x−As‖22 + λ‖s||1 (3)

where ‖s||1 =
J∑

i=1

|si| is the l1-norm and λ is a scalar regular-

ization parameter. Then, the class label of test sample x can be
determined by the minimum residual [20] between x and its
approximation from each class-wise subdictionary as follows:

Class(x) = min
k=1,...,K

‖x−Akŝk||2 (4)

where ŝk is the portion of the recovered sparse coefficients
corresponding to subdictionary Ak.

B. Optimized SRC Model Based on Spatial Correlation

In hyperspectral images, it is expected that neighboring
pixels usually comprise materials with similar spectral char-
acteristics, especially in homogeneous regions. Previous works
indicate that by taking advantage of the spatial-contextual infor-
mation, classification accuracy can be significantly improved
[14], [32]–[35], [47], [49]. Some of these works exploit the spa-
tial correlation via a preprocessing procedure [10], [32], [34],
while others combine the spatial and spectral information in the
classification stage [3], [4], [9], [35], and finally other methods
include spatial information in a postprocessing procedure [8],
[15], [33].

Let us assume that the hyperspectral image with L bands and
I pixels is denoted by X ∈ RL×I , in which a pixel is repre-
sented by a column vector {X:,i}Ii=1 ∈ RL. In this context,
the spatial correlation can be understood as a kind of inter-
pixel smoothness [21]. Hence, a Tikhonov regularization [36]
term can be introduced to characterize the spatial correlation as
follows:

minS
1

2
‖X −AS‖2F + λ1‖S||1,1 + λ2‖HS‖2F (5)

where ‖ · ||F is the Frobenius norm, ‖ · ||1,1 denotes the
sum of absolute values of all the matrix elements, λ1 >
0 and λ2 > 0 are the regularization parameters, S ∈
RJ×I is the recovered sparse matrix whose row vec-
tors {Sj,:}Jj=1 ∈ RI are the corresponding weights associ-
ated to the training samples (atoms) of the dictionary, and
HS = [(∇S1,:)

T , (∇S2,:)
T , . . . , (∇SJ,:)

T ]T , whose row col-
umn ∇Sj,: denotes the discrete gradient of Sj,: in a two-
dimensional sense.

Moreover, since the class labels and the spatial location
of training samples are known (along with the corresponding
sparse coefficient matrix of training samples), these aspects can
be included in the SRC model to retain the spectral information
of the training samples and spread them to neighboring pixels.
Thus, the spectral fidelity term associated with the training sam-
ples is combined with a Tikhonov regularization term in order
to increase the stability and accuracy of the classification by
spreading the label information from each training sample to

its neighbors until achieving a global stable state on the whole
image. In summary, the optimized SRC model based on spatial
correlation (SRCSC), which exploits both spatial and spectral
information in the classification stage, can be formulated as
follows:

minS
1

2
‖X −AS‖2F + λ1‖S||1,1 + λ2‖HS‖2F + l0(SΛ − I)

(6)

where l0(x) is an indicative function (if x = 0, l0(x) = 0; x �=
0, l0(x) =∞), SΛ denotes the coefficient matrix of training
samples set A in X (XΛ = A), and I is the identity matrix.

C. Serial Algorithm for SRCSC Based on Alternating Direction
Method of Multipliers (ADMM)

In this section, we describe the solution of the optimiza-
tion problem (6) using the alternating direction method of
multipliers [37], [38]. First, (6) is rewritten as follows:

min
S,V

g(S,V )s.t. GS +BV = 0 (7)

where V1 = S,V2 = S,V3 = HV2, V = [V1,V2,V3], and

g(S,V ) =
1

2
‖X −AS‖2F + λ1‖V1||1,1 + λ2‖V3‖2F

+ l0(SΛ − I), G =

⎡
⎣II
0

⎤
⎦ ,B =

⎡
⎣−I 0 0

0 −I 0
0 H −I

⎤
⎦ .

The iterative format of the augmented Lagrangian method
[48] can be written as

(S(k+1),V (k+1))= argmin
S,V

g(S,V )+
μ

2
‖GS+BV −D(k)‖2F

(8)

D(k+1) = D(k) −GS(k+1) −BV (k+1). (9)

This is a typical constrained optimization problem, which
can be efficiently solved based on the ADMM. The solution
of SRCSC based on ADMM is summarized in Algorithm 1.

Algorithm 1. Serial Algorithm of SRCSC Based on ADMM
(SRCSC_S)

Input: Training samples set A ∈ RL×J , test samples set X ∈
RL×I

Initialization: Set k = 0, choose regularization parameters
μ > 0, λ1 > 0, λ2 > 0, ε > 0, initialize S(0), V (0), D(0)

Do:
Step 1. Calculate S(k+1) ← argminSl(S, V

(k), D(k))

S
(k+1)

Λ̄
= (ATA+ 2μI)−1(ATX

+ μ(V
(k)
1 +D

(k)
1 + V

(k)
2 +D

(k)
2 ))Λ̄

S
(k+1)
Λ = I

thereinto, Λ̄ denotes the complementary set of Λ.
Step 2. Calculate
V

(k+1)
1 ← argminV1

λ1‖V1||1,1+µ
2 ‖S(k+1)−V1−D(k)

1 ‖2F
V

(k+1)
1 = soft(D

(k)
1 − S(k+1), λ1/μ)

thereinto, soft(z, u) = sign(z)max{|z| − u, 0}
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Step 3. Calculate

V
(k+1)
2 ← argminV2

μ

2
‖S(k+1) − V2 −D

(k)
2 ‖2F

+
μ

2
‖HV2 − V

(k)
3 −D

(k)
3 ‖2F

Step 4. Calculate

V
(k+1)
3 ← argminV3

λ2‖V3‖2F +
μ

2
‖HV

(k+1)
2 − V3

−D
(k)
3 ‖2F

Step 5. Calculate D(k+1)=D(k)−GS(k+1)−BV (k+1)

Step 6. Calculate k = k + 1

While ‖S(k+1)−S(k)‖2
F

|S(k)‖2
F

> ε2

Step 7. Class(x) = min
k=1,...,K

‖x−Akŝk||2,

∀x, x is a column of X .
Output: Class labels of X .
End

In Steps 3 and 4 of Algorithm 1, the H operator indepen-
dently transforms the matrix for each row; thus, the optimiza-
tion problems of Steps 3 and 4 can be decomposed into several
optimization subproblems, which are solved by the Gauss–
Seidel [39], [40] method. In the following section, we provide
an efficient parallel implementation of the method presented in
Algorithm 1 on GPUs using CUDA.

III. ALGORITHM OPTIMIZATION FOR SRCSC ON GPUS

The particular structure of GPUs makes them suitable
for accelerating highly intensive linear algebra calculations.
According to the CUDA programming paradigm, for data-
intensive computing problems like those involved in hyperspec-
tral image processing, when executing a function (or kernel)
on the device (GPU), one has to allocate memory on it, trans-
fer data from the host (CPU) to the GPU, and finally transfer
data back to the CPU, freeing the device memory. The actual
kernel can be either manually defined or implemented by an
optimized routine, like those offered by libraries such as CULA
[41] developed by EM photonics in partnership with NVidia,
and CUBLAS [51] provided by NVidia CUDA. As can be seen
from Fig. 1, CULA achieves better performance than CUBLAS
for matrix multiplication, especially for larger matrices. Thus,
we choose CULA to realize the main matrix operations in this
paper.

With the aforementioned issues in mind, to further opti-
mize the SRCSC algorithm on GPUs, it is now necessary to
deeply analyze Algorithm 1. The inputs to the algorithm are the
hyperspectral data matrix XL×I , the training samples matrix
AL×J , and the initial coefficient matrix S0

J×I . There are serial

loop executions, and the coefficient matrix S
(k+1)
J×I needs to

be updated in every loop. The calculations performed by the
algorithm include matrix multiplication, matrix addition, matrix
subtraction, matrix transposition, matrix inversion, and sum of
matrix elements. For the higher dimensional data instances such
as matrix XL×I and SJ×I , every read-write and arithmetic-
type operation on the CPU is very time consuming, and the
multistep iterative process increases the computational burden
even more. Furthermore, we use Intel VTune [50] to analyze the
execution performance of the serial algorithm using an AVIRIS

Fig. 1. Comparison between CUBLAS (CUDA5.5) and CULA (R17) when
performing matrix multiplication.

Fig. 2. Percentage of total CPU time consumed by different operations when
processing a real hyperspectral image.

hyperspectral dataset with 1043 training samples (details of the
dataset will be given in Section IV-A). As shown in Fig. 2,
the calculation of S is the most time-consuming part of the
SRCSC_S algorithm, in which the operations of matrix mul-
tiplication consume the most CPU time. The calculation of
S
(k+1)
J×I is a succession of transpositions, multiplications, and

additions of big matrices. It is thus necessary to optimize the
operations relevant to XL×I , SJ×I (and other elements with
large data volume).

In order to improve the computing performance of SRCSC,
a GPU-based parallel hyperspectral classification algorithm
(SRCSC_P) has been developed as described in the flowchart
given in Fig. 3. In the following, we describe the most rele-
vant steps of the parallelization accomplished by the proposed
SRCSC_P algorithm in Fig. 3.

A. Optimizing the Calculation of S(k+1)

The terms S(k+1), F = (ATA+ 2μI)−1, and P = ATX
in Fig. 3 can be calculated in advance, since these ele-
ments remain unchanged in each loop. The operations of
matrix multiplication and inversion are realized using functions
culaDeviceDgemm, culaDgetrf, and culaDgetri, respec-
tively. These functions are included in the high-efficient GPU-
accelerated linear algebra libraries of CULA.
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Fig. 3. Parallel hyperspectral classification algorithm based on SRCSC on
GPUs (SRCSC_P).

The operation P + μ(V
(k)
1 +D

(k)
1 + V

(k)
2 +D

(k)
2 ) in Fig. 3

is the summation of matrices with same numbers of dimen-
sions, and has been implemented by a kernel function called
PSum_kernel (as shown in Fig. 4). The complexity of oper-
ation S

(k+1)

Λ̄
= F × Psum in Fig. 3 is closely related to the

number of training samples J , and is the most time-consuming
operation in the serial Algorithm 1 (SRCSC_S). It is also opti-
mized using function culaDeviceDgemm of CULA library in
the parallel version SRCSC_P.

The kernel function SEye_kernel in Fig. 3 is implemented
to do the operation of S

(k+1)
Λ = I (as shown in Fig. 5). We

predefine variable idx1×J in the CPU to record the location of
training samples, and then start a J × J thread grid on the GPU.

It is a crucial issue to decide the number of computing threads
in every block (denoted as THREAD_SIZE in this paper) to
be launched on the GPU and the number of blocks (denoted as
BLOCK_SIZE in this paper) in every grid that allocate those
threads. Normally, the device occupancy should be improved

Fig. 4. CUDA code for Kernel PSum_kernel.

Fig. 5. CUDA code for Kernel SEye_kernel.

TABLE I
COMPUTING CAPABILITIES OF NVIDIA TESLA C2075

as high as possible, to make sure that there are more threads
executing on every stream multiprocessor (SM). However, the
number of threads concurrently executed on an SM is limited by
the hardware capabilities (such as registers, shared memories,
and so on). Furthermore, the high occupancy does not always
lead to the best performance according to [52]. Therefore,
the THREAD_SIZE should be chosen based on the practi-
cal resource requirements of kernel, and the BLOCK_SIZE
varies along with the scale of problem. According to the com-
puting capabilities of NVIDIA Tesla C2075 (the platform used
in this paper, as shown in Table I), the THREAD_SIZE
and BLOCK_SIZE variables, respectively, denoting the num-
ber of processsing threads per block and processing blocks
per grid, are set to 32× 32 and ((J + 32− 1)/32)× ((J +
32− 1)/32) in order to optimize the allocation of resources in
the GPU.

B. Optimizing the Calculation of V (k+1)
1 , V (k+1)

2 , and V
(k+1)
3

Since the calculation of V (k+1)
1 is independent of the calcu-

lation of V (k+1)
2 and V

(k+1)
3 , we compute V

(k+1)
2 and V

(k+1)
3

first. In the procedure of calculating V
(k+1)
2 and V

(k+1)
3 , the

H operator independently transforms the matrix for each row,



WU et al.: PARALLEL IMPLEMENTATION OF SPARSE REPRESENTATION CLASSIFIERS FOR HYPERSPECTRAL IMAGERY ON GPUs 2917

Fig. 6. Uncoalesced memory accesses.

Fig. 7. Coalesced memory accesses after matrix transposition.

Fig. 8. CUDA code for Kernel Soft_kernel.

and the optimization problems are decomposed into several
optimization subproblems. Since the transformations of rows
are independent while solving these optimization subproblems
using the Gauss–Seidel method, it is possible to optimize them
per row in parallel. The kernel function GaussSeidel_kernel
in Fig. 3 is defined to calculate V

(k+1)
2 and V

(k+1)
3 , in which

J threads are initiated and each thread transforms a row of the
matrix. However, since the matrix is stored by rows, there are
intervals in which adjacent threads in a warp access the shared
memory in parallel, which leads to the problem of uncoalesced
memory accesses depicted in Fig. 6. This can drastically influ-
ence the computing performance. To address this issue, we
implement a kernel function MatTranspose_kernel to trans-
pose the matrix in advance, so as to meet the requirement of
coalesced memory accesses as illustrated in Fig. 7.

After that, for the calculation of V
(k+1)
1 , we use a kernel

Soft_kernel (as shown in Fig. 8) that creates J × I threads
according to the matrix size, and each thread implements
the computation of soft(z, u) = sign(z)max{|z| − u, 0} for a
matrix element. The THREAD_SIZE and BLOCK_SIZE
variables are set to 32× 32 and ((J + 32− 1)/32)× ((I +
32− 1)/32), respectively.

C. Optimizing the Calculation of ‖S(k+1)−S(k)‖2
F

|S(k)‖2
F

In this procedure, the main operation is the squared sum of
matrix elements, which can be efficiently realized by a summa-
tion reduction model on the GPU as illustrated in Fig. 9. The
kernel function SumReduce_kernel in Fig. 3 is implemented

Fig. 9. Summation reduction model on the GPU.

to compute
J∑
i

I∑
j

(S
(k+1)
i,j − S

(k)
i,j )

2
and

J∑
i

I∑
j

(S
(k)
i,j )

2
simulta-

neously based on the summation reduction model depicted in
Fig. 9, and then the results are copied from device (GPU) to the
host (CPU) for analyzing the loop termination condition and
subsequent operations.

To sum up, we provide a detailed step-by-step algorithm
description of the parallel hyperspectral classification algorithm
based on SRCSC on GPUs in Algorithm 2.

Algorithm 2. Parallel Hyperspectral Classification Algorithm
Based on SRCSC on GPUs (SRCSC_P)

Input: Training samples set A ∈ RL×J , test samples set
X ∈ RL×I

Initialization: Set k = 0, choose regularization parameters
μ > 0, λ1 > 0, λ2 > 0, ε > 0, initialize S(0), V (0), D(0)

Step 1. Copy data from host to device
Step 2. Invoke culaDgetrf, culaDgetri and

culaDeviceDgemm to calculate
F = (ATA+ 2μI)−1 and P = ATXon GPU

Do
Step 3. Calculate S(k+1) on GPU

Invoke kernel function PSum_kernel to compute
Psum = P + μ(V

(k)
1 +D

(k)
1 + V

(k)
2 +D

(k)
2 )

Invoke culaDegmm to compute S
(k+1)

Λ̄
=

F×Psum

Invoke kernel function SEye_kernel to compute
S
(k+1)
Λ = I

Step 4. Invoke GaussSeidel_Kernel to calculate
V

(k+1)
2 , V

(k+1)
3 on GPU

Step 5. Invoke Soft_kernel to calculate
V

(k+1)
1 , D(k+1) on GPU

Step 6. Invoke SumReduce_kernel to calculate

tol =
‖S(k+1)−S(k)‖2

F

|S(k)‖2
F

on GPU

Step 7. Copy tol from device to host
Step 8. k ← k + 1

While tol > ε2

Step 9. Copy S(k) from device to host
Step 10. Calculate Class(x)= min

k=1,...,K
‖x−Akŝk||2 (∀x,x is a

column of X) on CPU
Output: Class labels of X.
End
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TABLE II
DETAILS OF THE TWO EXPERIMENTAL HYPERSPECTRAL IMAGES USED

IN OUR EXPERIMENTS

Fig. 10. AVIRIS Indian Pines hyperspectral image. (a) False color composition.
(b) Ground truth as a collection of mutually exclusive classes.

IV. EXPERIMENTAL RESULTS

A. Experimental Platform and Hyperspectral Images

The proposed classification algorithm is assessed using two
widely used real hyperspectral images collected by two differ-
ent imaging spectrometers (AVIRIS Indian Pines and ROSIS
Pavia University). The details of these images are given in
Table II and Figs. 10 and 11.

The experimental platform used to evaluate the proposed
algorithm is the NVIDIA Tesla C2075, which features 448 pro-
cessor cores operating at clock frequency of 1150 MHz, with

Fig. 11. ROSIS Pavia University hyperspectral image. (a) False color compo-
sition. (b) Ground truth as a collection of mutually exclusive classes.

single precision floating point performance of 1030 Gflops,
double precision floating point performance of 515 Gflops, total
dedicated memory of 6 GB, 1500 MHz memory (with 384-
bit GDDR5 interface), and memory bandwidth of 144 GB/s.
The GPU is connected to two Intel Xeon E5-2609CPUs at
2.4 GHz with 4 cores (8 cores in total) with 32-GB RAM.
All the serial and parallel versions of the SRCSC algorithm
are implemented using the C ++ programming language on
Microsoft Visual Studio 2010 integrated development environ-
ment, and the compiler is Visual C ++ 2010, which supports
the OpenMP 2.0 standard. CUDA 5.5, CULA R17, and Intel
MKL 11.2 are used in the corresponding implementations.
The tests were performed using the 64b Microsoft Windows
7 operating system.

B. Classification Accuracy Assessment

To illustrate their classification accuracy, both SRCSC_S
and SRCSC_P were executed on the two considered images.
According to [20] and our repeated experiments, the parameters
were empirically set to be λ1 = 10−3, λ2 = 2, ε = 0.0005,
and μ = 1. The classification results were then compared
visually and quantitatively to those obtained by the SVM [42],
SVM based on composite kernels (SVM-CK) [12], and l1
sparse representation classification (SRC- l1) [19] also solved
by ADMM [37]. The SVM-CK is a kind of spectral–spatial
joint classification method using mean filter and polynomial
kernel, which has been proved to be a powerful tool to solve
supervised classification problems, generally exhibiting better
performance than spectral-based SVMs. Both SVM and SVM-
CK are implemented using the LIBSVM library (available
online: http://www.csie.ntu.edu.tw/~cjlin/libsvm/index.html)
[43], using the radial basis function (RBF) kernel
K(xi, xj) = exp(−‖xi − xj‖22/2σ2) and one-against-one
classification strategy. The kernel parameters and regulariza-
tion parameters are determined by fivefold cross-validation,
according to [12] and [43]. All the quantitative measurements
reported in our experiments correspond to the average of results
after 10 Monte Carlo runs.
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TABLE III
CLASSIFICATION ACCURACIES (%) OBTAINED FOR THE AVIRIS INDIAN PINES DATASET

Fig. 12. Some of the classification maps obtained after 10 Monte Carlo runs
for the AVIRIS Indian Pines dataset. (a) SVM. (b) SRC-l1. (c) SVM-CK.
(d) SRCSC_S. (e) SRCSC_P.

Fig. 13. OA obtained using different training percentages on the AVIRIS Indian
Pines dataset.

Before reporting the obtained classification accuracy results,
we first describe the metrics used for quantitative comparison in
our experiments. To define the metrics in mathematical terms,
let us assume that a confusion matrix with K classes is denoted
by M , in which the matrix element Mij denotes the sam-
ple amount of the jth class that is classified as the ith class.
Then, the overall accuracy (OA), average accuracy (AA), and
the kappa (κ) statistic [44] can be used to measure the clas-
sification accuracy. The OA is computed by the ratio between
correctly classified test samples and the total number of test
samples

OA =

K∑
i=1

Mii/N.

The AA is the mean of all class accuracies

AA =
1

K

K∑
i=1

(Mii/Ni).
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TABLE IV
CLASSIFICATION ACCURACIES (%) OBTAINED FOR THE ROSIS PAVIA UNIVERSITY DATASET

The κ statistic is computed by weighting the measured accu-
racies. It incorporates both of the diagonal and off-diagonal
entries of the confusion matrix and is a robust measure of the
degree of agreement

κ =

⎛
⎝N

(
K∑
i=1

Mii

)
−

K∑
i=1

⎛
⎝ K∑

j=1

Mij

K∑
j=1

Mji

⎞
⎠
⎞
⎠/

⎛
⎝N2 −

K∑
i=1

⎛
⎝ K∑

j=1

Mij

K∑
j=1

Mji

⎞
⎠
⎞
⎠ .

Our first experiment was carried out using the AVIRIS
Indian Pines dataset. Nearly 10% of the labeled pixels of each
class (1043 pixels in total) were randomly chosen as training
samples, and the remaining labeled pixels were used as test
samples, as shown in Table III. The classification accuracies
(OA, AA, κ) are quantitatively shown in Table III, and graphi-
cally illustrated in Fig. 12. Table III indicates that the proposed
SRCSC_S and SRCSC_P obtain exactly the same classification
accuracy and outperform the results obtained by other meth-
ods, leading to the smoothest classification maps as depicted in
Fig. 12.

In a second experiment, we assess the impact of the num-
ber of training samples on the classification accuracy. For this
purpose, we consider different numbers of training samples,
ranging from 1% to 25% of each class. As shown in Fig. 13,
the classification accuracy can be greatly increased by incor-
porating the spatial correlation, and the SRCSC method (both
in serial and parallel versions) outperforms SVM-CK at most
instances.

A third experiment is conducted on the ROSIS Pavia
University dataset. In this experiment, 40 labeled pixels were
randomly chosen from each class as training samples, and the
remaining labeled pixels are used as test samples. Table IV
shows the obtained classification accuracies, while Fig. 14
shows some of the obtained classification maps after the 10
Monte Carlo runs. The results indicate that the SRCSC methods
obtain very competitive results. Here, it is also worth mention-
ing that the serial (SRCSC-S) and the parallel GPU (SRCSC_P)
versions obtain exactly the same results in terms of classifica-
tion accuracy. The two versions can be, therefore, considered
exactly equivalent in terms of classification accuracy and only

Fig. 14. Some of the classification maps obtained after 10 Monte Carlo runs
for ROSIS Pavia University dataset. (a) SVM. (b) SRC-l1. (c) SVM-CK.
(d) SRCSC_S. (e) SRCSC_P.

different in terms of computational performance. In the follow-
ing section, we analyze the computational performance of the
two versions by particularly focusing on the improvements of
SRCSC_P with regards to SRCSC_S.

C. Parallel Performance Assessment

An experimental evaluation of the computational perfor-
mance of our proposed parallel optimization is reported in
this section, using the platform described in Section IV-A.
In order to show the performance improvements between the
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TABLE V
EXECUTION TIME OF THE SERIAL, MULTICORE AND GPU VERSIONS WITH THE AVIRIS INDIAN PINES IMAGE

Fig. 15. Speedup comparison between SRCSC_P and SRCSC_M using different number of training samples on the AVIRIS Indian Pines image.

parallel optimizations on multicore CPU platform and our con-
sidered GPU platform, a multicore implementation of SRCSC
(SRCSC_M) has been carried out following the design prin-
ciples in [45] and using OpenMP API and the MKL (Intel
Math Kernel Library, a library of optimized math routines
provided by Intel) [46]. First, OpenMP is adopted to explic-
itly address multithreaded and shared-memory parallelism, in
which we specify the regions (in this case, mainly the codes
corresponding to the kernels in GPU parallel version) suitable
for parallel implementation. Second, for the time-consuming
operations of the big matrix calculations, such as multiplica-
tion and inversion, two levels of parallelism are used combining
OpenMP with BLAS. The API OpenMP is used to set the
first parallelism level, and the routines of dgetrf, dgetri, and
cblas_dgemm (multithreading implementations of BLAS in
MKL library) are invoked to realize the calculations of matrix
inversion and multiplication for the second parallelism level.
Last but not the least, the parallel for directives are used to
instruct the compiler to execute the structured block of code in
parallel on multiple cores. In addition, in order to distinguish
the effects of MKL and OpenMP respectively, another version

Fig. 16. Comparison of different THREAD_SIZE configurations.

(SRCSC_S_MKL) is implemented by simply using the routines
of dgetrf, dgetri, and cblas_dgemm in MKL library.

The corresponding serial versions are executed on one core
of the Intel Xeon E5-2609 CPU, and the multicore version is
run on eight cores of the two Intel Xeon E5-2609. For each test,
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Fig. 17. Percentage of time consumed by different operations in our parallel implementation (SRCSC_P).

TABLE VI
PERFORMANCE TESTS OF DIFFERENT OPERATIONS ON AVIRIS INDIAN PINES DATASET WITH 1043 TRAINING SAMPLES

10 Monte Carlo runs were performed and the mean values are
reported in our experiments.

At this point, it is important to emphasize that both the GPU
and multicore parallel versions obtain exactly the same results
as the serial implementation. This means that the three ver-
sions obtain exactly the same classification accuracy with the
considered scenes and the only difference among them is the
computing performance. Table V reports the obtained results in
terms of computation times and speedups measured after com-
paring the parallel implementations of SRCSC (SRCSC_M and
SRCSC_P) with the equivalent serial version for the two con-
sidered hyperspectral images. A speedup comparison between
SRCSC_P and SRCSC_M when using the AVIRIS Indian
Pines dataset with different numbers of training samples is also
graphically illustrated in Fig. 15.

It can be concluded from Figs. 13 and 15 that the classifica-
tion accuracy improved significantly as the number of training

samples is increased, but so does the computational efficiency
of the parallel implementations. It is, therefore, crucial to
find a balance between accuracy and computing performance.
Fortunately, the speedup of SRCSC_P increases significantly
with number of training samples. Thus, more accurate results
can be generally obtained with the same computation time.

On the other hand, the impact of I/O communications
between the host and the device is also an important issue, as
this often becomes the main bottleneck of parallel systems. Our
experiments indicate that the time required for data transfers
between the host and the device is relatively low. Specifically,
it represents less than 0.35% of the total execution time of the
GPU parallel implementation in all cases.

In order to verify the THREAD_SIZE configuration of
our GPU parallel implementation, several THREAD_SIZE
configurations were tested, namely 4× 8, 8× 8, 8× 16, 16×
16, 16× 32, and 32× 32 (all of them are integral multiple of
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the size of warp) on the AVIRIS Indian Pines dataset with 10%
training set, and the execution times are comparatively reported
in Fig. 16. As can be seen from Fig. 16, the THREAD_SIZE
of 32× 32 leads to the best performance in our GPU version.

To further analyze the bottleneck of the GPU parallel algo-
rithm, nvprof and visual profiler [53] are utilized to explore the
execution performance of different operations in the proposed
algorithm with the AVIRIS Indian Pines dataset of 1043 train-
ing samples. As it can be seen from Fig. 17 and Table VI, the
proposed parallel algorithm is compute-bound, and the most
significant portion of the time taken by our parallel implemen-
tation is the pure computation steps, which is ideal in terms of
parallel efficiency. Since magma_lds128_dgemm_kernel
(the kernel in culaDeviceDgemm function) takes more than
half of the execution time, it can be concluded that the bot-
tleneck of the GPU parallel implementation mainly lies in the
operation of matrix multiplication.

To conclude this section, we emphasize that (as shown in
Table V and Fig. 15) the average speedup of the GPU parallel
version (SRCSC_P) is more than 130× with regard to the serial
version SRCSC_S, while the multicore version SRCSC_M gets
an average speedup of 24×. For the AVIRIS Indian Pines scene
with less than 15% training samples, the classification task can
be completed in about 1 min. These are important advantages
offered by GPU platforms in terms of being able to adapt com-
putationally expensive classification problems such as those
involved in SRC methods to time-critical hyperspectral image
analysis scenarios.

V. CONCLUSION AND FUTURE LINES

Sparse representation has been shown to be an extremely
powerful tool for hyperspectral image classification. However,
it is hard to be adapted to time-critical scenarios due to its
high computational complexity. In this paper, we propose a
novel parallel sparse representation classification method on
GPUs. First, an optimized sparse representation model is intro-
duced based on spatial correlation regularization and a spectral
fidelity term, which increases classification accuracy by spread-
ing the label information from each training sample to its
neighbors until achieving a global stable state on the whole
image. Further, we develop a parallel implementation of the
SRC approach for GPUs using the NVidia CUDA. To the best
of our knowledge, this is the first GPU-based optimization
algorithm for sparse representation classification reported in
the literature in the context of remotely sensed hyperspectral
imaging. Experimental results on real hyperspectral datasets,
which include comparisons to equivalent serial and multicore
versions, demonstrate the efficiency of the proposed parallel
method, which is shown to be able to provide accurate results
in high speed, and is appealing for efficient hyperspectral data
processing. Although the reported processing times of the algo-
rithm are still far from real-time performance, the method could
be significantly improved by resorting to more recent GPU plat-
forms including multi-GPU environments. Our future work will
focus on adapting the presented algorithm to multi-GPU plat-
forms, which are still subject to I/O overheads due to the fast
performance of the GPU as compared to the communication

network. We will also conduct a detailed investigation of the
energy consumption of GPU platforms when executing our
newly developed algorithms, as it is an important parameter for
onboard processing.
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