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Abstract
The analysis of hyperspectral images is usually very heavy from the computational point-of-view, due to their high

dimensionality. In order to avoid this problem, band selection (BS) has been widely used to reduce the dimensionality

before the analysis. The aim is to extract a subset of the original bands of the hyperspectral image, preserving most of the

information contained in the original data. The BS technique can be performed by prioritizing the bands on the basis of a

score, assigned by specific criteria; in this case, BS turns out in the so-called band prioritization (BP). This paper focuses on

BP algorithms based on the following parameters: signal-to-noise ratio, kurtosis, entropy, information divergence, variance

and linearly constrained minimum variance. In particular, an optimized C serial version has been developed for each

algorithm from which two parallel versions have been derived using OpenMP and NVIDIA’s compute unified device

architecture. The former is designed for a multi-core CPU, while the latter is designed for a many-core graphics processing

unit. For each version of these algorithms, several tests have been performed on a large database containing both synthetic

and real hyperspectral images. In this way, scientists can integrate the proposed suite of efficient BP algorithms into

existing frameworks, choosing the most suitable technique for their specific applications.

Keywords Hyperspectral imaging � Band selection (BS) � Band prioritization (BP) � Real-time processing �
Central processing unit (CPU) � Graphics processing unit (GPU)

1 Introduction

Hyperspectral sensors acquire scenes at different wave-

lengths of the electromagnetic spectrum, and they produce,

as output, the so-called image cube. Contiguous wave-

lengths are grouped into bands, and each pixel of the cube

can be represented by three components (x, y, z), where

x and y denote a spatial position on the scene, while

z identifies a particular band. Thus, a hyperspectral cube is

obtained that represents the same image acquired at mul-

tiple different wavelengths. Typically, its memory size can

range from hundreds of megabytes up to many gigabytes.

For this reason and due to the complexity of the algorithms

used, the analysis of the image cube is characterized by

high computational requirements. In order to tackle this

problem, different approaches have been designed with the

aim of reducing information redundancy, that is due to the

high correlation between adjacent bands of the hyper-

spectral image. A common adopted strategy is dimen-

sionality reduction (DR), that produces a new compact

dataset by applying a transformation based on a suit-

able criterion. For instance, the principal component

analysis (PCA) performs DR in order to maximize the

variance of the transformed data. DR algorithms have to

deal with two issues. The first one is related to the choice of

the dimension number needed to avoid significant loss of

information. The second issue concerns the transformation
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of the input data, which can compromise or corrupt the

original information [1].

Another approach to reduce information redundancy is

the so-called band selection (BS), introduced in the early

1990s [2–4] and it has been improved in recent years [5–7].

The BS technique can be divided into two categories:

supervised and unsupervised. In supervised approaches, the

knowledge about classes or objects is inside the hyper-

spectral image, while in unsupervised approaches no pre-

vious information is required. BS techniques extract a

bands subset of the input hyperspectral image that can

represent to the best the original data. Since no transfor-

mation is applied on the input dataset, it is possible to

preserve the original information. This property represents

the main advantage compared to the DR strategy. How-

ever, in this case it is also necessary to deal with two

issues: the choice of the number of bands to preserve and

the BS criterion. In particular, in this work we decided to

adopt a particular BS methodology called band prioriti-

zation (BP) since it is the most recent and accurate one.

This approach assigns a score to each band using a suit-

able approach. Then, the BS is performed by extracting a

certain number of bands on the basis of each score.

The key point in the BP approach is the choice of the

criterion used to assign a score to each band. Different

approaches have been analyzed. Some of them, like signal-

to-noise ratio (SNR), kurtosis, entropy, ID and variance [8],

are based on statistical techniques. Another criterion relies

on the concept of linearly constrained minimum variance

(LCMV) [1]. All of them can be adopted in BP algorithms,

which therefore could feature a high computational com-

plexity. The operations involved in those algorithms are

however intrinsically parallel. For this reason, it is possible

to develop efficient solutions based on specific many-core

devices such as graphics processing units (GPUs) which

provide high computational capability at low cost.

Recently, GPUs are being used not only in computer

graphics, but also for general purpose applications [9]. For

instance, in the remote sensing field, GPUs have been

successfully employed in real-time hyperspectral unmixing

[10–14].

This work focuses on the development of a suite of

parallel BP algorithms based on different methodologies.

In particular, the aim of this paper is to provide scientists

with a set of computationally efficient algorithms that can

be integrated in existing frameworks. In this way, it is

possible to choose the best algorithm depending on the

purposes and constraints of each application, such as the

ones requiring real-time processing, i.e., fire detection or

pollution monitoring.

The development phase started from a MATLAB

implementation based on the algorithms proposed in [1, 8].

A serial C code version has been derived, and then, the

OpenMP API has been adopted for a multi-core CPU

implementation. One last parallelization has been carried

out with an NVIDIA GPU based on the Kepler architecture

and using the NVIDIA compute unified device architecture

(CUDA) standard. In particular, an accurate comparison

among the C serial, OpenMP and CUDA solutions has

been conducted to identify the most suitable implementa-

tion of each algorithm.

The paper is organized as follows: Sect. 2 explains all

the BP algorithms considered in this work. Sections 3 and

4 contain the description of the strategy followed to par-

allelize the algorithms through GPU technology and

OpenMP API, respectively. It is important to highlight that

the focus of the proposed work concerns the GPU imple-

mentation. Therefore, the OpenMP versions of the algo-

rithms have been concisely described. Section 5 shows the

results of tests performed on a wide hyperspectral image

database, while Sect. 6 concludes the paper with some

remarks and hints to possible future research lines.

2 Band prioritization algorithms

In this section, the BP algorithms will be analyzed con-

sidering an input hyperspectral data cube with L bands, nr
rows, nc columns and N pixels.

2.1 SNR-based algorithm

In order to understand the behavior of the SNR-based

algorithm, it is necessary to introduce the two sets

fkadjlg
L
l¼1 and ftklg

L
l¼1 which contain the eigenvalues of the

noise-adjusted sample covariance matrix and their associ-

ated orthonormal eigenvectors, respectively. Thus, a pri-

ority score can be calculated for the l-th hyperspectral

image band as follows:

ql ¼
XL

k¼1

n2kl ð1Þ

where nkl is a loading factor given by:

nkl ¼
ffiffiffiffiffiffiffiffiffi
kadjk

q
tkl ð2Þ

2.2 Entropy-based algorithm

As far as the entropy-based algorithm is considered, it is

necessary to evaluate the image histogram (p) for each

hyperspectral band. The total number of bins (NBINS)

depends on the amount of grey-scale levels adopted. After

that, the l-th band priority score is calculated as follows:
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ql ¼
XNBINS

k¼0

plk � log2 plkð Þ ð3Þ

where plk represents the value contained in the kth his-

togram bin evaluated for the image of the lth band.

2.3 ID-based algorithm

Instead of using the entropy (3), a different criterion based

on the information divergence (ID) can be adopted. The

ID-based algorithm evaluates the band priority score for

the lth band with the following equation:

ql ¼
XNBINS

k¼0

plk � log2
plk
glk

� �
þ
XNBINS

k¼0

glk � log2
glk
plk

� �
ð4Þ

where plk is the image histogram, composed by NBINS

bins, for the lth band which must be normalized and glk is

the lth band Gaussian distribution with mean and variance

relative to the image of the lth band.

2.4 Variance-based algorithm

The last algorithm considered, based on statistics tech-

niques, evaluates the variance r2 for each band of the

hyperspectral cube and is used as a measure of the band

priority as follows:

ql ¼ r2l ð5Þ

2.5 LCMV-based algorithm

Concerning the algorithms based on the concept of LCMV,

four different versions have been investigated: LCMV-

band correlation minimization (LCMV-BCM), LCMV-

band dependence minimization (LCMV-BDM), LCMV-

band correlation constraint (LCMV-BCC) and LCMV-

band dependence constraint (LCMV-BDC). All these

algorithms are based on the same concept, but they assign

the band priority with different methods.

As said before, for each band the acquired image has nr
rows and nc columns.

First, the lth band image of the hyperspectral cube can

be expressed with a matrix notation:

Bl ¼ cl;1; cl;2; . . .; cl;nc
� �

ð6Þ

where cl;j is a nr-dimensional vector:

cl;j ¼ cl;1j; cl;2j; . . .; cl;nrj
� �T

for j ¼ 1; . . .; nc ð7Þ

The goal of the LCMV-based algorithms is to carry out a

constrained finite impulse response (FIR) linear filter. Let

wl be a column vector used to specify a FIR filter for the lth

band image (Bl), and yl be the filter output evaluated as

follows:

yl ¼ wT
l Bl ð8Þ

The averaged least squares filter output is given by:

1

L

XL

l¼1

y2l ¼ wT
l

1

L

XL

l¼1

BlB
T
l

 !
wl ð9Þ

Let R ¼ 1
L

PL
l¼1 BlB

T
l be the sample band correlation

matrix, the coefficient values of the vector wl are the

solutions to the following minimization problem:

min
wl

wT
l Rwl

	 

subject to BT

l wl ¼ 1nc ð10Þ

where 1nc is a nc-dimensional column vector of ones.

The solution to (10) is given by:

wLCMV
l ¼ R�1Bl B

T
l R

�1Bl

� ��1
1nc ð11Þ

The BCM and BCC priority scores for the lth band are

assigned as follows:

ql ¼ wLCMV
l

� �T
RwLCMV

l for LCMV-BCM ð12Þ

and

ql ¼
XL

k¼1;k 6¼l

lTnc BT
k w

LCMV
l

� �
for LCMV-BCC ð13Þ

However, it is possible to exclude the lth band image

(Bl) from the matrix R obtaining the so-called sample band

image dependence matrix:

~R ¼ 1

L� 1

XL

j¼1;j6¼l

BjB
T
j ð14Þ

Replacing R in (10) with ~R, a new minimization prob-

lem is derived. Its solution is similar to (10) and it is given

by:

~wLCMV
l ¼ ~R�1Bl B

T
l
~R�1Bl

� ��1
1nc ð15Þ

The BDM and BDC priority scores for the lth band are

assigned as follows:

ql ¼ ~wLCMV
l

� �T ~R�1 ~wLCMV
l for LCMV-BDM ð16Þ

and

ql ¼
XL

k¼1;k 6¼l

1Tnc BT
k ~w

LCMV
l

� �
for LCMV-BDC ð17Þ

Most of these algorithms feature high computational

complexity that implies very long execution times. For this

reason, we decided to implement the BS algorithms

exploiting the GPU technology since it can guarantee a
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significant speedup, to satisfy real-time requirements in

many existing frameworks.

3 Algorithm implementations on GPU

In this section, the GPU implementations of the different

BS algorithms together with our design choices (which are

a key factor to obtain performance improvements) are

presented. The employed NVIDIA’s GPU processor is

based on the ‘‘Kepler’’ architecture [15], made up of 15

streaming multiprocessors (SMXs) that internally contain

192 cores. Each core has a fully pipelined integer and

floating point arithmetic logic unit, compliant with the

IEEE 754-2008 single and double precision standards.

Threads, which have to be executed by the GPU, are

divided into blocks that are assigned to SMXs. Then, each

block is divided into groups of 32 threads, called warps,

and executed by assigning each thread to a SMX core.

Each SMX contains also 64 KB of shared memory, which

can be used to exchange data between threads of the same

block, and 65,356 registers in which all the private vari-

ables of each thread are stored. The described architecture

is shown in Fig. 1. Finally, the GPU has an off-chip RAM

memory, called global memory, which can be used to

exchange data with the CPU through the PCI-express bus.

This memory features a higher latency than the shared one.

The code, to be executed on the GPU, has been developed

using CUDA, a parallel computing platform and pro-

gramming model introduced by NVIDIA. The GPU can be

seen as a coprocessor that, after being invoked by the CPU,

can execute a task through thousands of threads running in

parallel. The execution of the program starts from the CPU,

identified as the host, until a parallel code section is

reached. After that, the GPU, identified as the device, starts

processing data transmitted by the host to the device

memory. Finally, when the device has completed its task, it

transfers back the result to the host.

The first step of the proposed work requires to develop a

standard serial C version of each algorithm starting from a

MATLAB one. This allows to perform an extensive code

profiling in order to identify the most time-consuming parts

of each algorithm. Table 1 shows the results of the profil-

ing obtained with a synthetic image of about 170 MB. This

table highlights that for the ID, entropy and variance

algorithms no routines are heavier than the others. Thus,

the notation ‘‘Equidistribution’’ is used to indicate this

characteristic.

This table clearly points out which computations are

suitable for GPU and OpenMP implementations and which

ones should be performed in a serial way. The C imple-

mentation has been tested on different synthetic hyper-

spectral images, whose size ranges from 1.7 MB up to

427 MB, which have been generated using the MATLAB

script developed by Nascimento et al. [16]. Tests have been

used also to decide the numerical precision (single or

double precision floating point) that guarantees the same

results between the MATLAB and the C versions of each

algorithm. The experiments indicate that, for some algo-

rithms, only the double precision arithmetic assures the

needed accuracy of results. Since the considered algorithms

differ from one another, multiple strategies have to be

adopted in order to reach the best performance

improvements.

3.1 SNR-based algorithm

Concerning the SNR-BS algorithm, the most time-con-

suming part is the computation of the correlation matrix.

Thus, this task has been assigned to the GPU that, after

receiving the hyperspectral image from the host, performs

the matrix multiplication and transfers back the result to

the CPU. In particular, the cuBLAS library, which contains

different highly optimized linear algebra routines, has been

used to perform the matrix multiplication through the

cublasDgemm function that evaluates the following

expression:

C ¼ a op Að Þop Bð Þ þ b op Cð Þ ð18Þ

where A and B are the input matrices, C is an input/output

matrix, and a and b are scalar values. In the cuBLAS

library, the matrices are read and stored by default in

Fig. 1 NVIDIA Kepler SMX architecture
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column-major format while the CUDA C language, chosen

for the SNR-BS implementation, adopts the row-major

format which is the standard array storing method in the C

language. To tackle this problem, matrices can be read as if

they were transposed by properly setting the opðÞ param-

eter in (18). However, the result of an operation is stored in

column-major format and this cannot be modified. In this

case, this is not a problem since the correlation matrix is

symmetric and the C matrix can be transferred back to the

host and read as if it was stored in row-major format.

Concerning the choice of the two scalar values, b was

set equal to 0 since the C matrix must be only an output

matrix while a was set equal to the inverse of the number

of pixels of the hyperspectral image.

The correlation matrix is transferred back to the host

memory since its dimensions are significantly lower than

the hyperspectral image ones. Thus, the subsequent oper-

ations can be carried out in a sequential way. The next

steps of the algorithm concern the estimation of the noise-

adjusted sample covariance matrix and the eigenvalues and

eigenvectors computation. This last operation has been

done by exploiting two highly optimized routines (tred2

and tqli), described in [17]. The general flow of the algo-

rithm is reported in Fig. 2.

3.2 Entropy-based algorithm

As shown in Table 1, in the entropy-based algorithm, no

portion of the code is more computationally expensive than

others. For this reason, we decided to implement the entire

algorithm on the GPU in order to obtain a significant

speedup. By examining Eq. (3), the band priority assign-

ment requires a summation and the evaluation of the image

histogram for each hyperspectral band. In particular, the

key point is represented by the development of the sum-

mations required by the algorithm. To overcome this, it is

possible to apply the reduction technique that exploits GPU

parallelism to find the summation of values present in an

array stored in the device global memory. First of all, a

specific kernel has to be launched. All the threads of each

block store a sub-part of the original array inside the shared

memory which, as previously said, has a lower latency

compared to the global memory. This process requires that

each thread loads from the global memory a single element

of the original array. Then, only half of the total available

threads will be active and each of them will evaluate

cyclically the sum of two elements of the array stored in

the shared memory until a single value is obtained. Finally,

only one thread for each block will write the summation of

the sub-array elements in a new array in the global mem-

ory. Thereafter, another kernel has to be launched and,

using the same strategy as before, it will evaluate the

summation of the elements of the new array obtaining the

desired result. The strategy adopted by the reduction

techniques is shown in Fig. 3.

In order to build the histogram, the array containing the

pixel values of a particular band has to be transferred to the

Fig. 2 SNR algorithm flow. Data and operations are in yellow and

white boxes, respectively

Table 1 Profiling results

SNR ID Entropy Variance

Correlation matrix 99% Equidistribution Equidistribution Equidistribution

Other 1%

LCMV

BCC BCM BDC BDM

Equation (13) 85% Equation (12) 89% Equation (17) 90% Equation (16) 95%

Equation (9) 13% Equation (9) 9% Equation (14) 9% Equation (14) 4%

BT
l R

�1Bl 1% BT
l R

�1Bl 1% Other 1% Other 1%

other 1% other 1%
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GPU global memory. Then, each thread has to read a single

array element and, depending on its value, it has to update

the count of the corresponding histogram bin. However, it

could happen that another thread, at the same time, has to

update the same bin value. This situation could generate a

wrong result that may also be different between consecu-

tive executions. To avoid this problem, it is necessary to

guarantee that a thread can access a memory address

without any interference from other threads, which have to

wait until the operation is completed. The CUDA platform

provides a series of functions, called atomic, which manage

this kind of operations both in global and shared memory.

In particular, we have used the atomicAdd function, which

allows to evaluate the image histogram in the correct way.

There is another feature about the GPU implementation

that should be mentioned. It has to be taken into account

that the atomic operation reduces the overall performance

of the algorithm. Indeed, threads, which have to store a

value in the same memory location, cannot be executed in

parallel. However, this is the only way to obtain a correct

image histogram.

The performance can be improved by making use of the

shared memory. In a first attempt, the image histogram

could be stored in an array in the global memory. All

threads of the kernel can see this variable, but the contin-

uous access to the global memory causes a high latency.

Thus, the idea is to split the construction of the total his-

togram in two steps. In the first one, each thread-block

reads a sub-part of the input image from the global memory

and creates, through atomic operations, a temporary his-

togram in the shared memory. Then, all the temporary

arrays will be stored in the global memory in order to be

used in the second step. Moreover, in this case different

threads, through atomic operations, cannot update the same

bin value at the same time, but now it is possible to exploit

the low latency of the shared memory. In the second step,

another kernel will be launched to evaluate the final his-

togram. In particular, each thread will sum all the values

present in the temporary arrays.

By analyzing Eq. (3), it is possible to notice that the

priority of each band is assigned in an independent way

considering every time a different band of the hyperspec-

tral image. This characteristic of the algorithm can be

exploited with the GPU stream: a sequence of operations

that are executed sequentially on the device. On the other

hand, operations in different streams may run concurrently,

meaning that the execution of several kernels and data

transfers to/from the device memory can be overlapped. In

this way, while one stream is executing all the operations

required to find the priority of a particular band, a different

stream is loading a new band of the hyperspectral image

inside the device memory. Of course, this process can be

done only if a suitable GPU engine is available. The

advantage of overlapping memory transfers and kernel

execution can be visualized using the NVIDIA Visual

Profiler tool. An example of the output produced by this

tool is shown in Fig. 4.

The data flow related to the ith stream is shown in

Fig. 5.

3.3 ID-based algorithm

In this case, as for the previous technique, the band priority

is assigned through simple operations that are not

demanding from a computational point of view. For this

reason, the entire algorithm has been parallelized on GPU

by using all the techniques adopted for the previous algo-

rithms. In particular, the mean and the variance, required

Fig. 3 Schematization of

reduction technique
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for the evaluation of the Gaussian function, and the final

summation can be obtained through the reduction tech-

nique. The construction of the image histogram for each

hyperspectral band can be developed in the same way as it

was done in the entropy-based algorithm. Furthermore,

here the computation of band priority is carried out in a

scope that is related to a single band. Thus, it is possible to

overlap the computation and the memory transfers through

CUDA streams. The instructions performed by each stream

are schematized in Fig. 6.

3.4 Variance-based algorithm

As it happened in the ID-based algorithm, the variance of

each band has been evaluated again through the reduction

technique. Even in this case, the use of streams is crucial in

order to improve performance. In the same way as other

algorithms, a single stream performs the operations related

to the assigned band. Figure 7 shows the flow for each

stream.

3.5 LCMV-based algorithm

Finally, concerning the four types of LCMV-based algo-

rithm, only some operations have been performed on the

GPU device: the evaluation of the sample band correlation

and dependence matrices and of the band priority. The

former has been carried out, for all the algorithms, by using

the cublasDgemm and setting b equal to 1 in (18), while the

latter has been developed in different ways depending on

the particular algorithm.

In the BCC and BDC algorithms (Figs. 8 and 9), the

band priority has been evaluated through the cublasDgemv

function that performs a matrix–vector multiplication:

y ¼ a op Að Þxþ by ð19Þ

where A and x are input matrix and vector, respectively, y

is an input/output vector, and a and b are scalar values and

opðÞ has the same meaning as Eq. (18). In order to obtain

the desired result, a and b have been set equal to 1 and 0,

respectively.

On the other hand, the cublasDgemm and the cublasD-

dot functions have been used to calculate the band priority

for the BDM and BCM algorithms (Figs. 10 and 11). In

particular, the cublasDdot function requires two vectors of

the same length (N) as input (x and y) and performs the dot

product operation as follows:

Fig. 4 NVIDIA Visual Profiler output that shows stream overlapping. Brown boxes represent memory transfers from host to device, while the

other boxes concern different kernel executions. Data transfers from device to host are omitted in order to preserve readability of this figure

Fig. 5 Entropy algorithm flow for a single stream. Data and

operations are in yellow and white boxes, respectively

Fig. 6 ID algorithm flow for a single stream. Data and operations are

in yellow and white boxes, respectively
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res ¼
XN

i¼0

x i½ �y i½ � ð20Þ

The rest of the algorithm has been developed in standard

C serial code. In particular, since the band correlation and

dependence matrices can be nearly singular due to the

working precision, their inverses have to be calculated in a

proper way. As far as matrices with big dimensions are

considered, it is better to evaluate the pseudo-inverse

matrix by applying the singular value decomposition

technique, since it can provide a stable result. The main

drawback of this solution concerns the execution time,

which is longer compared to the one required for evaluat-

ing the inverse matrix through the lower–upper factoriza-

tion technique. After different empirical experiments, a

threshold based on the matrix dimensionality has been

identified and it allows to choose a proper method to find

the inverse matrix. In particular, several tests have been

performed with synthetic hyperspectral images of growing

sizes and it has been noticed that the lower–upper factor-

ization technique provides stable results for hyperspectral

images smaller than 100 MB, while for bigger ones it is

necessary to use the pseudo-inversion.

4 Algorithm implementations through
OpenMP API

The OpenMP API exploits multi-core parallelism through a

set of compiler directives. In this way, the work can be

divided into independent elaborations that are assigned to

different threads. Starting from the serial C versions, the

most time-consuming parts have been parallelized through

OpenMP. In particular, the #pragma omp parallel for

directive allows an automatic parallelization of for loops. It

is also possible to instruct the compiler on which variables

are shared among the threads and which ones are private to

the single thread. Typically, the hyperspectral image is

declared shared while all the for loop variables are private.

Moreover, it is also possible to decide how the work must

be subdivided among the threads by using the schedule

clause inside the OpenMP directives. Since the computa-

tional cost of different iterations of the same for loop is

nearly constant, the static scheduling has been adopted,

which equally subdivides all iterations among the threads.

Concerning the SNR-based algorithm, the #pragma omp

parallel for directive parallelizes the evaluation of the

correlation matrix. In this case, the correlation and the

hyperspectral image matrices have been declared shared

while the accumulator and for loops variables are private.

A different approach has been used for the ID, entropy

and variance algorithms. The bands are divided in groups,

each assigned to a thread that computes the scores. In this

case, the hyperspectral image and the score array are

shared among the threads while all the support variables

are private.

Concerning the LCMV techniques, it is possible to

identify two structural similarities: the first between BCC

and BDM and the second between BCM and BDM. The

former consists in a covariance computation followed by a

for loop which iterates over the bands to compute the final

score. Those two phases have been parallelized, as before,

using the #pragma omp parallel for directive. Even in this

case, the covariance matrix, the hyperspectral image and

the band scores have been declared shared while the other

support variables are private. On the other hand, the second

group consists on a series of matrix–matrix and matrix–

vector operations which have been implemented through

for loops. Therefore, they can be parallelized using the

same OpenMP directive as before.

5 Experimental results

As mentioned before, a C language version has been

developed for each algorithm and it has been profiled

through synthetic images. After that, the CUDA and

OpenMP versions have been carried out. However, before

evaluating the execution times, the correctness of each

algorithm has been tested by comparing the bands extrac-

ted by the MATLAB code and the other implementations.

Both synthetic and real hyperspectral images have been

used for the comparison. In particular, the real images used

in the testing phase are the following: two ROSIS hyper-

spectral images, five AVIRIS scenes, one EO-1 scene and a

Hydice hyperspectral image collected over a forest (here-

inafter identified as Hydice). The two ROSIS hyperspectral

images are acquired over the city center and the University

of Pavia, Italy (later identified with PaviaC and PaviaU).

The five AVIRIS hyperspectral images are: Kennedy Space

Fig. 7 Variance algorithm flow for a single stream. Data and

operations are in yellow and white boxes, respectively
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Fig. 8 LCMV-BCC algorithm

for the entire matrix. Operations

shown in the dotted box are

performed for every band in the

hyperspectral image. Data and

operations are in yellow and

white boxes, respectively
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Fig. 9 LCMV-BDC algorithm

for the entire matrix. Operations

shown in the dotted box are

performed for every band in the

hyperspectral image. Data and

operations are in yellow and

white boxes, respectively
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Center, World Trade Center, Cuprite mining district,

Salinas Valley and Indian Pines (hereinafter identified as

KSC, WTC, Cuprite, Salinas and Indian Pines, respec-

tively). The EO-1 hyperspectral image has been acquired

over Okavango delta, Botswana (hereinafter identified as

Botswana). Other two real hyperspectral images were

obtained by joining multiple Indian Pines hyperspectral

images to increase dimensionality (hereinafter identified as

Indian Pines_EW and Indian Pines_NS).

In Table 2, all the characteristic of the images used for

the testing phase are reported. In particular, the total

number of pixels and bands is shown for each image, both

synthetic and real. Through this dataset, it has been verified

that the bands selected by each algorithm were the same in

all the different versions.

All the tests have been performed on a PC equipped with

an Intel i7 3740 processor (4 physical cores), 8 GB of

RAM and a NVIDIA GPU Tesla K40 which has 2880

CUDA cores running at 875 MHz and 12 GB of DDR5

RAM.

Each CUDA version of the different algorithms is based

on CUDA environment 8.0, and it has been developed

through Microsoft Visual Studio 2015 (64 bit Microsoft

Windows 10).

For each algorithm, the execution times are reported in

Fig. 12 using a logarithmic scale obtained by the results

shown in Tables 3, 4 and 5. In this case, the results have

Fig. 10 LCMV-BDM algorithm for the entire matrix. Operations

shown in the dotted box are performed for every band in the

hyperspectral image. Data and operations are in yellow and white

boxes, respectively

Fig. 11 LCMV-BCM algorithm for the entire matrix. Operations

shown in the dotted box are performed for every band in the

hyperspectral image. Data and operations are in yellow and white

boxes, respectively
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been reported only for real hyperspectral images. Indeed,

they are more interesting than synthetic ones since they

describe the algorithm behavior for real applications.

Moreover, synthetic images have the same number of

bands and an increasing number of pixels. On the other

hand, the real dataset is made up of hyperspectral images

with varying number of bands and pixels, allowing better

algorithms analysis.

Before analyzing the obtained results, it is important to

highlight a relevant characteristic of the BP algorithms.

Usually, those kinds of techniques constitute a part of a

more complex analysis chain executed on the hyperspectral

image and optimally satisfying real-time constraints. Some

examples are pollution monitoring, fire and biohazard

detection [18–20]. In particular, the real-time constraints

depend on the hyperspectral sensor that has been used to

acquire the scene. In this work, a duration of 5 s has been

considered as the threshold which determines whether a BP

algorithm is executed in real time or not. That value has

been chosen by considering the scanning characteristics of

the NASA AVIRIS sensor, which acquires a hyperspectral

image of 614 lines with 512 samples and 224 spectral

bands every 5 s [21]. Thus, adopting the double precision

representation, the sensor generates an image cube whose

dimension is approximately 500 MB.

By analyzing the result of the SNR-based algorithm,

reported in Fig. 12(a), it is possible to notice that the

CUDA version works better than the other ones for each

tested hyperspectral image. In particular, considering

hyperspectral image size close to 500 MB, the CUDA

version is able to satisfy the real-time constraint, whereas

this does not happen in the serial and OpenMP versions.

Moreover, there is no linear relation between hyperspectral

images sizes and execution times. In fact, the time spent on

the evaluation of the correlation matrix depends on the

input hyperspectral image geometry (number of bands,

rows and columns), which changes as shown in Table 1.

Furthermore, the number of bands influences the com-

plexity of the remaining operations of the algorithm. In

other words, hyperspectral images with a lower number of

bands have a lower computational weight on the operations

that follow the correlation matrix computation.

Concerning the remaining algorithms based on statisti-

cal techniques, none of them is heavy from the computa-

tional point of view. Indeed, as Fig. 12(b–d) show, all the

versions of the entropy-based, ID-based and variance-

based algorithms have an execution time below 1 s for all

the hyperspectral images (with the exceptions of ID-based

algorithm serial implementation for the two biggest

hyperspectral images). In these cases, the CUDA version is

not always able to provide the best performance and this is

due to different reasons. In the entropy-based and ID-based

algorithms, the evaluation of the image histogram has a

high impact on the execution performance. This part of the

Table 2 Dataset characteristics
Name Pixel number Rows Cols Bands Size (MB)

Synthetic images

p15N2k 2000 50 40 224 1.70

p15N10k 10,000 100 100 224 8.54

p15N20k 20,000 100 200 224 17.09

p15N50k 50,000 500 100 224 42.72

p20N75k 75,000 750 100 224 64.09

p20N100k 100,000 200 500 224 85.45

p20N200k 200,000 500 400 224 170.90

p25N500k 500,000 500 1000 224 427.25

Real images

Hydice 4096 64 64 169 2.64

Cuprite 47,750 250 191 188 34.24

WTC 314,368 512 614 224 268.63

KSC 314,368 512 614 176 211.06

Indian Pines 21,025 145 145 220 17.64

Salinas 111,104 512 217 224 94.94

PaviaC 1024,000 2000 512 102 398.44

PaviaU 207,400 610 340 103 81.49

Botswana 377,856 1476 256 145 209.00

Indian Pines_EW 1134,672 1848 614 220 952.25

Indian Pines_NS 1644,292 2678 614 220 1379.94
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Fig. 12 Execution times for:

a SNR, b entropy, c ID,

d variance, e BCC, f BCM,

g BDC, h BDM
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algorithm is strictly dependent on the input hyperspectral

image since it determines the number of concurrent

accesses in the memory.

This characteristic and the method used to find the

histogram penalizes the execution of the overall

algorithms.

Table 3 Processing times of the serial algorithms expressed in seconds

Images SNR Entropy ID Variance BCC BCM BDC BDM

Hydice 0.101 0.002 0.010 0.001 0.379 0.391 0.425 0.334

Indian Pines 0.835 0.010 0.016 0.007 6.533 4.987 7.043 5.145

Cuprite 1.360 0.018 0.037 0.014 17.849 13.825 19.414 16.199

PaviaU 1.784 0.041 0.094 0.031 188.524 79.016 206.588 204.265

Salinas 4.504 0.044 0.098 0.037 172.278 55.124 207.769 196.806

Botswana 7.164 0.094 0.208 0.081 1293.205 970.177 3269.517 3242.152

KSC 8.718 0.127 0.250 0.082 895.205 802.097 930.891 878.256

WTC 14.077 0.139 0.281 0.105 913.907 1188.852 949.980 912.068

PaviaC 11.006 0.219 0.468 0.157 5401.517 3735.483 9564.221 9530.064

Indian Pines_EW 49.657 0.517 1.040 0.382 12,371.923 8263.084 19,455.534 19,274.487

Indian Pines_NS 73.644 0.777 1.534 0.561 27,525.149 17,679.541 171,693.610 170,740.420

Table 4 Processing times of the OpenMP algorithms expressed in seconds

Images SNR Entropy ID Variance BCC BCM BDC BDM

Hydice 0.054 0.002 0.001 0.001 0.207 0.409 0.280 0.225

Indian Pines 0.501 0.005 0.007 0.004 2.900 5.172 3.869 3.117

Cuprite 0.753 0.007 0.012 0.006 7.134 12.934 10.801 9.465

PaviaU 0.991 0.017 0.030 0.010 60.940 68.963 89.710 87.400

Salinas 2.457 0.015 0.029 0.014 46.929 46.027 93.595 89.379

Botswana 3.774 0.076 0.098 0.029 318.019 350.751 2404.952 2398.143

KSC 4.435 0.080 0.108 0.033 276.154 641.355 331.507 313.995

WTC 7.205 0.101 0.127 0.038 353.557 985.211 409.967 385.263

PaviaC 5.214 0.155 0.212 0.057 1613.255 1547.618 6061.804 6035.858

Indian Pines_EW 26.398 0.336 0.474 0.146 3195.122 3214.139 10,991.141 10,760.593

Indian Pines_NS 38.693 0.483 0.700 0.186 8292.284 6834.271 155,359.390 137,841.230

Table 5 Processing times of the

CUDA algorithms expressed in

seconds

Images SNR Entropy ID Variance BCC BCM BDC BDM

Hydice 0.017 0.011 0.015 0.007 0.999 0.713 1.036 0.612

Indian Pines 0.047 0.017 0.016 0.010 2.080 1.883 2.581 1.439

Cuprite 0.054 0.015 0.026 0.010 2.442 1.656 4.614 3.643

PaviaU 0.079 0.023 0.026 0.016 4.470 6.485 26.439 27.114

Salinas 0.138 0.031 0.036 0.019 4.280 5.364 43.094 41.150

Botswana 0.213 0.056 0.062 0.039 20.017 27.174 2074.890 2072.621

KSC 0.224 0.081 0.114 0.039 33.824 466.136 72.557 71.083

WTC 0.310 0.083 0.115 0.050 56.001 76.439 92.519 90.697

PaviaC 0.366 0.106 0.161 0.071 65.862 90.449 4424.833 4432.392

Indian Pines_EW 1.859 0.306 0.385 0.169 92.916 159.538 7450.677 7365.001

Indian Pines_NS 4.550 0.435 0.578 0.244 1652.312 329.341 23,472.677 27,880.005
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On the other hand, the poor performance of the CUDA

version of the variance-based algorithm is due to the low

complexity of the algorithm. Indeed, memory transfers

from CPU to GPU have a higher impact on the perfor-

mance than the operations required for the evaluation of the

variance even if the stream technique has been used. This

phenomenon happens also in the entropy-based algorithm,

but has a lower impact on the execution times since the

involved computations are more complex compared to the

ones involved in the variance algorithm.

By analyzing Fig. 12e–h, different comments arise. First

of all, none of the LCMV-based algorithms is real-time

compliant. However, an efficient implementation has been

provided for each algorithm and, except for the smallest

image, the CUDA implementations perform better than the

other ones. In particular, the CUDA version of the BCC-

based and BCM-based algorithms is able to obtain better

performance than the BDC-based and BDM-based tech-

niques. This is due to the fact that the former algorithms

require, for each band, to evaluate every time the sample

band image dependence matrix which increases the com-

putational complexity of the algorithms. The last comment

is related to the algorithms dependence on the hyperspec-

tral image geometry, which prevents a direct proportion-

ality between the execution time and the image size. This

property can be seen in the BDC-based, BCM-based and

BDM-based algorithms and is highlighted by the peak of

the execution times in the hyperspectral image whose size

is nearly 200 MB (Botswana), while this is not observed in

the BCC-based algorithm. A final comment concerns the

different algorithm used for the sample band correlation

matrix and the sample band image dependence matrix

inversions. Different precisions are needed in order to

compute matrices which are nearly singular. Thus, the

strategy adopted changes with the input image and this

leads to a nonlinear relation, as shown by the charts.

6 Conclusions

In this paper, several parallel implementations of different

band prioritization (BP) algorithms have been presented.

All of them have been tested through a wide hyperspectral

image database containing both synthetic and real scenes.

The results allow to subdivide the proposed techniques in

different categories, obtaining a complete suite of BP

parallelized algorithms among which the scientist can

choose on the basis of the specific application imple-

mented. In particular, there are some algorithms such as the

ones based on ID, entropy and variance, which can satisfy

real-time constraints even with a serial implementation. On

the other hand, concerning the SNR-based technique, only

the GPU version is able to satisfy the real-time constraints

for each considered image. Finally, it has been shown that

all the LCMV-based algorithms are heavy from a compu-

tational viewpoint. Indeed, none of them real-time com-

pliant, however, efficient GPU parallel implementations

have been proposed, that significantly reduce execution

times.

To the best of authors’ knowledge, this paper presents

the first GPU implementation of the considered BP algo-

rithms in the literature. Other works regarding band

selection can be found in [22–26], but they concern dif-

ferent types of procedures. For this reason, it is difficult and

unfair to make a direct comparison. However, the SNR-

based, variance-based, ID-based and entropy-based tech-

niques are able to perform the band selection procedure in

reduced times and on bigger hyperspectral images com-

pared to [22] and [24]. This is not the case for the LCMV-

based algorithms since they are computationally heavier

than the techniques proposed in [22, 24].

This lead to subdivide the presented algorithms into

three distinct categories, as shown in Table 6.

A final comment regards the experimental results

reported in [22–26]. In all these works, the tests have been

conducted only on few images while, in this work, a large

hyperspectral database has been used to derive a precise

characterization of each algorithm in terms of computa-

tional complexity.

In the future, all the proposed algorithms will be inserted

into a hyperspectral unmixing chain as well as a pre-pro-

cessing phase for classification algorithms. Moreover, an

FPGA-based implementation will be developed for the

LCMV-based techniques, which do not meet real-time

constraints even using GPUs.
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