
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 6, NO. 2, APRIL 2013 801

Analysis and Optimizations of Global and Local
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Abstract—Anomaly detection is an important task for hyper-
spectral data exploitation. A standard approach for anomaly
detection in the literature is the method developed by Reed and
Xiaoli, also called RX algorithm. A variation of this algorithm
consists of applying the same concept to a local sliding window
centered around each image pixel. The computational cost is
very high for RX algorithm and it strongly increases for its local
versions. However, current advances in high performance com-
puting help to reduce the run-time of these algorithms. So, for the
standard RX, it is possible to achieve a processing time similar to
the data acquisition time and to increase the practical interest for
its local versions. In this paper, we discuss several optimizations
which exploit different forms of acceleration for these algorithms.
First, we explain how the calculation of the correlation matrix
and its inverse can be accelerated through optimization tech-
niques based on the properties of these particular matrices and
the efficient use of linear algebra libraries. Second, we describe
parallel implementations of the RX algorithm, optimized for mul-
ticore platforms. These are well-known, inexpensive and widely
available high performance computing platforms. The ability to
detect anomalies of the global and local versions of RX is explored
using a wide set of experiments, using both synthetic and real
data, which are used for comparing the optimized versions of the
global and local RX algorithms in terms of anomaly detection
accuracy and computational efficiency. The synthetic images have
been generated under different noise conditions and anomalous
features. The two real scenes used in the experiments are a hyper-
spectral data set collected by NASA’s Airborne Visible Infra-Red
Imaging Spectrometer (AVIRIS) system over the World Trade
Center (WTC) in New York, five days after the terrorist attacks,
and another data set collected by the HYperspectral Digital Image
Collection Experiment (HYDICE). Experimental results indicate
that the proposed optimizations can significantly improve the
performance of the considered algorithms without reducing their
anomaly detection accuracy.
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I. INTRODUCTION

H YPERSPECTRAL imaging [1] is concerned with the
measurement, analysis, and interpretation of spectra

acquired from a given scene (or specific object) at a short,
medium or long distance by an airborne or satellite sensor
[2]. Hyperspectral imaging instruments such as the NASA Jet
Propulsion Laboratory’s Airborne Visible Infra-Red Imaging
Spectrometer (AVIRIS) [3] are now able to record the visible
and near-infrared spectrum (wavelength region from 0.4 to
2.5 micrometers) of the reflected light of an area of 2 to 12
kilometers wide and several kilometers long using 224 spectral
bands. The resulting “image cube” is a stack of images in
which each pixel (vector) has an associated spectral signature
or fingerprint that uniquely characterizes the underlying objects
[4]. The resulting data volume typically comprises several GBs
per flight [5].
Anomaly detection is an important task for hyperspectral

data exploitation. An anomaly detector enables one to detect
spectral signatures which are spectrally distinct from their
surroundings with no a priori knowledge. Frequently, anom-
alies are composed of a set of isolated pixels with anomalous
signatures (when compared to the image background) which
represents a very small piece of the full image, and they only
occur in the image with low probabilities [6], [7]. The RX
algorithm, developed by Reed and Xiaoli, is a well-known
approach for anomaly detection which has shown success for
multispectral and hyperspectral images [4], [8]. The RX algo-
rithm uses the pixel currently being processed as the matched
signal and computes the Mahalanobis distance, which has been
widely used in hyperspectral imaging applications [9].
Variants of the RX algorithm consist of applying locally the

same concept to a sliding window centered around each image
pixel [10], [11]. These variations have been widely used in order
to detect small anomalies [12]–[15]. However, they are com-
putationally more expensive than the original RX because they
involve the computation of a covariance matrix and its inverse
for every local window as opposed to the standard RX which
performs the same calculation for the whole image. So far, few
works in the published literature have reported (near) real-time
performance for the RX algorithm or its local version [16]–[19].
Here, by real-time performance we refer to the fact that the pro-
cessing can be performed without delay as the data are collected
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but not necessarily immediately after the data is collected. In
the following, we will avoid the term real-time processing on
purpose and refer to processing at the same time as the data
are collected. Nevertheless, current advances in high perfor-
mance computing (HPC) [20] offer an unprecedented oppor-
tunity to strongly reduce the runtimes for the RX detectors to
identify anomalies. In particular, modern multicore architec-
tures [12], [21]–[23] represent an inexpensive, widely avail-
able and well-known technology in the HPC field. Moreover,
a wide set of linear algebra libraries are available to exploit
such multi-core systems. These libraries can be used to signif-
icantly reduce the time for solving linear algebra-related prob-
lems and to solve more efficiently the mathematical computa-
tions involved in the algorithm [24], [25].
In related work, several optimizations have been developed

for the RX algorithm on different platforms [12], [26]–[28].
However, none of them have combined the integrated use of
software optimizations (sequential and parallel) and HPC-re-
lated optimizations, resulting in the fact that it was difficult to
apply the algorithm at the same time as the data were collected.
Further, as compared to the RX, a local version exhibits a very
large computational burden that generally prevents its sequen-
tial execution on single-core systems. However, the design and
development of these optimizations and the parallelization of
this kind of algorithms are not simple tasks, and involve a deep
knowledge of both the algorithm and the architecture.
In this work our interest is focused on the RX version in-

troduced by Chang [14] in order to adapt this detector to on-
line analysis scenarios by replacing the sample covariance ma-
trix by the sample correlation matrix. Thus, two variations of
RX are analyzed and optimized for multicore platforms: (i) the
so-called global RX (GRX), which uses the sample correlation
matrix for the full hyperspectral image to detect anomalies, and
(ii) the local RX (LRX) which consists of applying the same
concept of RX to a single local window around each pixel of the
hyperspectral image. Our aim is to compare the global and local
versions of RX in terms of effectiveness (detection accuracy)
and efficiency (computing time). This paper thus analyses opti-
mized versions of GRX and LRX which exploit several forms
of acceleration, with the ultimate goal of achieving similar time
for processing and data acquisition for GRX and to explore prac-
tical interest of LRX.
To reduce the runtime of GRX and LRX, first we have devel-

oped several software optimization techniques in the sequential
code of both algorithm variants. These optimizations are based
on: (i) taking advantage of the properties of the correlation ma-
trices involved in both algorithms (such as the symmetry and
a specific recurrence relation for LRX), thus, the computation
is strongly reduced; and (ii) exploitation of optimized linear al-
gebra libraries (such as BLAS [29] and MKL [30]) in order to
accelerate the calculation of the matrix and to avoid the explicit
computation of its inverse which is crucial in both algorithms.
Second, we have develop parallel implementations optimized
for multi-core platforms, which represent a well known, inex-
pensive and widely available HPC technology. In this way, the
exploitation of the particular properties of the correlation ma-
trices involved in both algorithms, the integration of optimized
libraries and the parallelization using HPC techniques can assist

in the development of more efficient implementations of these
algorithms for anomaly detection.
The remainder of the paper is organized as follows. Section II

briefly describes the GRX algorithm and its local variant, LRX.
Section III explains the software and multithreaded optimiza-
tions carried out for the GRX and LRX algorithms. Section IV
describes the (synthetic and real) hyperspectral data sets used
in our experimental evaluation. Section V presents a detailed
quantitative and comparative evaluation of GRX and LRX in
terms of their anomaly detection accuracy and parallel perfor-
mance. Specifically, their capacity to detect anomalies is eval-
uated using receiver operating characteristics (ROC) [31], and
their parallel performance is analyzed by evaluating the speedup
or acceleration factor obtained with regards to optimized ver-
sions of the serial implementations of both algorithms.

II. ANOMALY DETECTION USING GLOBAL RX (GRX) AND
LOCAL RX (LRX) ALGORITHMS

A. GRX Algorithm

The GRX algorithm has been widely used in signal and image
processing [8]. A variant of this algorithm was proposed by
Chang [14], which consists of replacing the covariance matrix
by the sample correlation matrix and removing the subtrac-
tion of the mean vector to each -dimensional hyperspectral
pixel vector . This modification al-
lows for online exploitation of the RX algorithm without penal-
ization in its ability to detect anomalies. The sample correlation
matrix-based GRX filter was introduced by Chang in [4] and
given by:

(1)

later we will explain the implementation details which make
GRX an optimized variant on multicore platforms.
It is important to note that the anomaly detection results gen-

erated by the GRX algorithm can be visualized as a grayscale
image in which, the higher the probability of detecting an
anomaly, the higher the value of the pixel. Anomalies can be
categorized in terms of the value returned by GRX, so that the
pixel with the highest value of can be considered the
first anomaly, and so on.

B. LRX Algorithm

The classic RX algorithm can be considered as a global
anomaly detector because the correlation matrix is computed
using all the pixels of the image and the background is defined
with reference to the full image. The LRX algorithm [32] can
be considered as a local anomaly detector because each pixel
of the image has its own correlation matrix, which is computed
just considering a small set of neighboring pixels around the
pixel under test. This implementation uses the concept of a
sliding local window for every pixel in the image. For each
pixel , the LRX filter is computed using a square window of
size pixels, centered at pixel . So, a matrix
is calculated for every pixel based on its own local window.
Consequently, the filter is defined by:

(2)
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It is important to emphasize that, in the local implementation,
the correlation matrix is computed using the local window in-
stead of the full image. In other words, for each pixel under test
the algorithm applies the RX filter using the local information.
This variation considers a local approach estimation, to deter-
mine whether the image pixels are anomalous or not. As a re-
sult, LRX can be considered as a process over each pixel of
the image, using local information provided by the data of the
sliding window and applying the RX filter in the local area.

C. Structure of the RX Algorithms

Bearing in mind the previous descriptions, three stages can
be identified in both algorithms, GRX and LRX:
• Phase 1. In this stage the correlation matrix is evaluated.
So, the matrix is globally evaluated for the whole image
when GRX is applied; or , for every pixel of the
image, , if LRX is computed.

• Phase 2. The second phase is focused on the computation
of the intermediate vector for every pixel defined
by the expression for GRX, or

for LRX.
• Phase 3. The output filter is the same for both
versions of the algorithms.

There are several approaches to compute . The classic
one is based on the computation of the inverse matrix, ,
followed by the evaluation of the product for
GRX. However, an alternative approach to reduce the high cost
of inverse matrices computation consists on solving the linear
system for GRX. The same considerations can be
applied to LRX. Consequently, in this work, the implementa-
tions of both versions of RX are based on solving the linear sys-
tems due to its advantages in terms of performance. Addition-
ally, this approach has numerical advantages because the insta-
bilities caused by ill-conditioned correlation matrices are better
managed solving the linear equations.

III. OPTIMIZATIONS OF GLOBAL RX (GRX) AND LOCAL RX
(LRX) ALGORITHMS

In order to reduce the runtime of GRX and LRX algorithms,
their implementations have been improved and optimized, for
both the sequential and the parallel versions. In this work,
parallel versions are based on the exploitation of multi-core
architectures.

A. Optimizations of Sequential GRX and LRX Algorithms

Our interest has been focused on the reduction of the run-time
for the most computationally expensive stages; i.e. the first and
second stages described on Section II-C, which compute: (1) the
correlation matrices and (2) the vector .
At the first stage, focusing on the GRX algorithm, the corre-

lation matrix is computed by the expression:

(3)

where is the element of row and column of the corre-
lation matrix; denotes the spectral (wavelength) component

Fig. 1. Computation of the correlation matrix, taking advantage of the compu-
tation of the neighboring window.

of the pixel spatially located by indexes in the image; ,
and are the number of lines, samples and bands of the image,
respectively. A similar expression is used to compute the corre-
lation matrices in the LRX algorithm:

(4)

To optimize the computation of (4) the following character-
istics have been considered:
• The symmetry property of the correlation matrix, which
can be exploited by both GRX and LRX algorithms, allows
us to compute only half of the correlation matrix and then
duplicate the result.

• For the LRX algorithm it is also possible to take advan-
tage of the recurrence relation among the correlation ma-
trices associated to neighboring pixels. This means that is
possible to reuse the common computation of contiguous
pixels. So, the computational cost to compute the correla-
tion matrix associated to pixel can be strongly re-
duced because most of the computations have already been
performed for the correlation matrix associated to pixels

(see Fig. 1).
In order to analyze this recurrence relation, let and

denote two contiguous pixels located in the line
and let be the correlation matrix evaluated in the
window centered in the pixel of dimension , i.e.
column of the window centered at ; then (4) can
be rewritten as:

(5)
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and the correlation matrix can be expressed by
the following recurrent expression:

(6)

Fig. 1 illustrates the computation of the correlation matrix
taking advantage of the computation of the neighboring window
as indicated in (6). The computational cost to calculate the cor-
relation matrices is and the cost to calculate

is . This means that our approach based
on the recurrence relation provides an improvement in perfor-
mance of (the dimension of the sliding window).
The other stage with a high computational cost is the evalu-

ation of . As mentioned above, the standard approach for
this stage is based on the computation of the inverse of the cor-
relation matrix and then the product matrix vector [17], [26].
However, the best alternative to determine in terms of both
stability and performance is to consider the solution of the linear
system: for GRX, or for LRX
(for more details, Section 3.4.11 of [33] and Chapter 2 of [34]).
Direct methods for solving systems of equations are based on
the factorization of the matrix which defines the system. Sev-
eral factorization methods systems have been described in the
literature [33]. We have selected the QR factorization due to its
numerical stability when the systems are solved as least square
problems (Section 5.3.3 of [33]).
The library LAPACK (Linear Algebra PACKage) supplies

implementations of different methods for solving systems of
linear equations. LAPACK has been designed to run efficiently
on a wide range of modern high-performance computers.
Specifically, the routine dgels can solve systems of equations
defined as least square problems by the QR decomposition [29],
[35]. The routine dgels, included in the library Intel MKL,1

exploits efficiently the resources of INTEL modern multicore
processors. Our introspection is that an efficient solution of
linear systems can be provided by the dgels routine which is
optimized in terms of performance and numerical stability.

B. Parallel GRX and LRX Algorithms

One goal of this work is to accelerate GRX and LRX by the
exploitation of multicore architectures. Despite the similarity of
both algorithms, their parallel implementations are different due
to the characteristics of each version, as described in Section II.
This subsection describes the key aspects of the parallel imple-
mentation of both algorithms. The aim is to parallelize the most
expensive stages, that is, the computation of the correlation ma-
trices and the solution of linear systems. Hereinafter denotes
the number of threads mapped on the multicore architecture.
1) Multicore GRX: The GRX algorithm consists of three

consecutive tasks over the whole image:
• Phase 1. The computation of the correlation matrix, ,
whose computational cost is since it
is evaluated on the whole image and its symmetry is con-
sidered to optimize the computation. This phase is paral-
lelized using a cyclic distribution of the threads among

1http://software.intel.com/en-us/articles/intel-mkl/.

the number of bands of the image, so every thread inde-
pendently computes a subset of elements of .

• Phase 2. The computation of for every pixel of the
image. The goal of this phase is to compute the matrix
whose columns are the vectors for all pixels, , of
the hyperspectral image. According to the previous consid-
eration for avoiding the computation of , the matrix
can be obtained by the solution of the matricial equa-

tion , where the image pixels define the columns
of the matrix . So, the matrix can be obtained as the
output of the multithreaded dgels routine of Intel MKL
Library. This kind of libraries are able to exploit different
parallelism levels of the multicore architecture.

• Phase 3. The output filter . In this
phase a cyclic distribution of threads is used in one spatial
dimension because our experimental evaluation has shown
that this strategy achieves slightly better performance than
block distribution.

2) Multicore LRX: LRX algorithm could be considered as a
set of independent procedures or tasks, where each task com-
putes the local window associated to the pixel under test. The
recurrence relation of the correlation matrices strongly reduces
the sequential runtime. However, it increases the data depen-
dence of the local tasks since the computation of the correlation
matrix of a pixel involves the computation of the matrix associ-
ated to the previous (neighboring) pixel. The recurrence relation
can be applied to the two spatial dimensions and, consequently,
LRX can be decomposed in tasks with front-wave dependence
[36], [37]. However, this scheme cannot take advantage of the
computation by lines of the image, which is very relevant to
achieve online processing.
Therefore, our parallel local version considers the recurrence

relation among thematrices associated to every line of the image
in the computation for every thread, so the filter for every line is
computed by every thread. In this way, the parallel LRX com-
putes all the filters related to lines of the image. Moreover,
this approach maintains the local features of the sequential ver-
sion of the LRX algorithm, that is, it can compute the RX filter
without requiring the full image. Fig. 2 shows a generic flow
path for the multithreaded version of the LRX algorithm. On
the left side of Fig. 2, we represent the hyperspectral image. On
the right side of Fig. 2, the output filters have been represented.
The LRX algorithm can be simply understood by connecting the
leftmost and rightmost parts of Fig. 2.
To conclude this section, we emphasize that our implementa-

tion of LRX considers that only one processing window is used
to define the spatial context around each pixel. In the literature,
several anomaly detection solutions have been described that
use more than one processing window per pixel [17]. In this re-
gard, it is important to note that our proposed parallel implemen-
tation could be easily adapted to this framework with several
processing windows since the parallel implementation would
be identical but with different window sizes. Specifically, the
concept of “dual rectangular window” in hyperspectral image
processing has been widely used to separate a local area in two
regions using a second small window (inner window region)
inside the large window (outer window region). Again, we re-
iterate that our proposed formulation can be easily adapted to
such dual processing window frameworks.
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Fig. 2. Flow path of the multithreaded version of the LRX algorithm.

Fig. 3. Two different panel locations adopted in the simulation of SimHyd sim-
ulated scenes.

IV. HYPERSPECTRAL DATA SETS

Several different hyperspectral data sets have been used in
this work to evaluate the accuracy (effectiveness) and computa-
tional performance (efficiency) of the proposed optimized algo-
rithms in the task of detecting anomalies. For this purpose, we
have used a collection of synthetic and real hyperspectral data
sets comprising different characteristics (such as their spectral
resolution, the spatial location in the image of the anomalous
signatures, the hyperspectral instrument used for data collec-
tion, the image size or the size of the anomalies to be detected).
Their characteristics are described next.

A. Synthetic Hyperspectral Data

Two simulated hyperspectral data sets have been used in our
experiments:
• SimHyd: These simulated data are based on a real HY-
DICE scene that will be fully described in the following
section. In order to generate the simulated data, we have
extracted different spectral signatures from the HYDICE
scene. As described in Section IV-B, the spectral signa-
tures in the HYDICE scene are composed of 169 spectral
bands. The background of the simulated image has been
generated from random mixtures of spectral signatures of
vegetation and soil. In order to generate the anomalies, a
set of panels has been placed in a spatial grid, using five
different spectral signatures extracted from the real image.

Fig. 4. Two different panel locations adopted in the simulation of SimUsgs
simulated scenes.

The anomalies has been distributed in five rows, one for
each different spectral signature extracted.

• SimUsgs: These simulated data are based on a set of spec-
tral signatures provided by the USGS,2 which have been
convolved to the wavelengths available in the AVIRIS hy-
perspectral sensor in order to obtain spectral signatures
composed by 224 spectral bands. The background spectra
have been generated from random mixtures of the spectral
signatures of two different minerals, such as alunite and
kaolinite. In order to generate the anomalies, a set of spec-
tral signatures that represent different minerals have been
spatially distributed in the image in the form of a regular
spatial grid. The signatures used for simulation purposes
are buddingtonite (first row), calcite (second row), mus-
covite (third row), and a mixture of buddingtonite and cal-
cite (fourth row).

In both cases, the size in pixels is 128 128 but different
panel locations have been used in the simulation of each syn-
thetic scene, as illustrated in Fig. 3 and Fig. 4. In the SimHyd01
and SimUsgs01 scenes [see Fig. 3(a) and Fig. 4(a)] the panels
occupy the entire image equidistantly. In the SimHyd02 and
SimUsgs02 scenes [see Fig. 3(b) and Fig. 4(b)] the panels
are grouped in a small area. Also, anomalies with different
sizes have been distributed in four columns of the grid: the
first column shows panels of 4 pixels in a square (i.e., 2

2http://speclab.cr.usgs.gov/spectral-lib.html.
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Fig. 5. False color representation of the HYDICE hyperspectral scene and its
associated ground-truth information.

2-pixel panels); the second column is made up of single pixel
panels; the third column is made up of sub-pixels with 50%
abundance of the panel and 50% abundance of the background;
and finally the fourth column is made up of sub-pixels with
25% abundance of the panel and 75% abundance of the back-
ground. For illustrative purposes, Table I shows the properties
of all the synthetic images used in our experiments. Finally,
Gaussian noise has been added (in different proportions) to
all the synthetic scenes, using the definition of signal-to-noise
ratio (SNR) in [38]. Specifically, three different levels of SNR
have been considered: 10:1, 30:1 and 50:1.

B. Real Hyperspectral Data

Two real hyperspectral data sets, collected by different instru-
ments, have been used in experiments:
• HYDICE: The first real hyperspectral data set used was
collected in the framework of the HYperspectral Digital
Image Collection Experiment (HYDICE). The scene is ex-
tensively described and used in [4]. It is an image scene
with size of 64 64 pixels and 15 panels in the scene.
A ground-truth map is available for the scene, indicating
the spatial location of the panels (real targets). The sizes
of the panels in the first, second, and third columns have a
size (in meters) of: 3 3, 2 2 and 1 1, respectively.
This imagewas acquired by 210 spectral bands with a spec-
tral coverage from 0.4 to 2.5 microns. Low signal/high
noise bands: 1–3 and 202–210; and water vapor absorp-
tion bands: 101–112 and 137–153, were removed prior to
experiments so a total of 169 bands were finally used. The
spatial resolution of the scene is 1.56 meters (i.e., the last
column of targets are sub-pixel in size) and the spectral res-
olution is 10 nanometers. Fig. 5 depicts the HYDICE scene
and its associated ground-truth.

• WTC: The second real hyperspectral data set used was
collected by the AVIRIS instrument, flown by NASA’s
Jet Propulsion Laboratory, over the World Trade Center
(WTC) area in New York City on September 16, 2001. The
size of the full scene is 614 512 pixels and 224 spectral
bands, for a total size of about 140 MB (this is the standard
size of the data chunks collected by the AVIRIS instrument
before saving the data to disk in the onboard data collec-
tion). A subset of this scene has also been selected for ex-
periments, centered at the region of interest (hot spots zone
at the WTC), and consisting of 192 192 pixels and 224

Fig. 6. False color representation of the WTC hyperspectral scene and its as-
sociated ground-truth information.

spectral bands. The leftmost part of Fig. 6 shows a false
color composite of the data set selected for experiments.
Extensive reference information, collected by U.S. Geo-
logical Survey (USGS), is available for theWTC scene.3 In
this work, we use a U.S. Geological Survey thermal map4

which shows the locations of the thermal hot spots (which
can be seen as anomalies) at the WTC area. The anoma-
lies (fires) are displayed as bright red, orange and yellow
spots in Fig. 6, which is centered at the region where the
towers collapsed. The ground-truth map displayed in the
rightmost part of Fig. 6 will be used in this work to vali-
date the anomaly detection accuracy of the proposed par-
allel implementations.

V. EXPERIMENTAL RESULTS

A. Analysis of Anomaly Detection Accuracy

In this subsection we evaluate the anomaly detection accu-
racy of the proposed parallel implementations of GRX and LRX
using the simulated and real hyperspectral data sets described in
Section IV. First of all, we emphasize that our parallel versions
provided exactly the same results as the sequential ones. For the
GRX there are no input parameters, while for the LRX there is
only one input parameter, , which is the size (in pixels) of the
local window used to define the spatial neighborhood around
each pixel. In our experiments, we have optimized this param-
eter empirically after testing several values of in the range
[3,30]. In general terms, we have observed that provides
a compromise between detection accuracy and computational
burden (hereinafter, is used for all the experiments). At
this point, it is important to emphasize that very small window
sizes may cause problems in the execution of the LRX due to
matrix ill-rank problems, thus causing numerical instability. For
this reason, the size of the local processing window should be
sufficiently large when compared to the size of the anomaly and
cannot be too small. On the other hand, using very small win-
dows is not effective for our parallel implementation since we
have empirically observed that the best results (in terms of de-
tection and speedup) are obtained when the window size is suf-
ficiently large.
Fig. 7 shows the output of the and filters

for the simulated scenes SimHyd01 and SimHyd02 using dif-
ferent SNR values. As shown in Fig. 7, it is evident that LRX

3http://speclab.cr.usgs.gov/wtc.
4http://pubs.usgs.gov/of/2001/ofr-01-0429/hotspot.key.tgif.gif.
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Fig. 7. Processing output of and for the simulated scenes SimHyd01 (columns 1–2) and SimHyd02 (columns 3–4) using different SNR values.

TABLE I
PROPERTIES OF ALL THE SYNTHETIC IMAGES USED IN OUR EXPERIMENTS

can detect all the anomalies for the SimHyd01 scene, even those
appearing at sub-pixel levels (third and fourth panel columns)
for any noise level, while GRX was not able to detect the fourth
column in any case. Thus, LRX exhibits slightly better anomaly
detection accuracy. With regards to the results obtained for the
SimHyd02 scene, we can observe in Fig. 7 that the results in
this case vary with the spatial location of the anomalies in the
image. Specifically, the local version exhibits few difficulties
in detecting the smallest anomalies but, in any case, the results
are still better than the results of GRX. A very similar behavior
of GRX and LRX can be observed in Fig. 8 for the simulated
scenes SimUsgs01 and SimUsgs02. Here, the LRX can detect
up to the third column for images with low SNR values, which
is a better result than the one exhibited by the GRX that can only
detect up to the panels in the second column.
Fig. 9 shows the output of the and fil-

ters (together with a 3-D representation of the output indicating

the difference between panels and background) for the real HY-
DICE scene. Fig. 10 provides similar results for the real WTC
scene. As can be seen in Figs. 9 and 10, LRX provides better per-
formance in the detection of small targets, such as the sub-pixel
panels in the rightmost panel column of the HYDICE scene (see
Fig. 9). On the other hand, GRX provides good effectiveness in
the detection of anomalies with a larger size.
Overall, the accuracy of the two detectors is quite similar,

as indicated by the receiver operating characteristics (ROC)
curves constructed for the HYDICE experiment (see leftmost
side of Fig. 11) and for the WTC experiment (see rightmost
side of Fig. 11). ROC curves have not been reported for the
synthetic images, due to the observed very low rate of false
alarms. The evaluation of GRX and LRX for the full set of test
images (synthetic and real) has been carried out by the well
known area under the ROC curve (AUC). In this way, Fig. 12
provides a quantitative analysis of anomaly detection accuracy
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Fig. 8. Processing output of and for the simulated scenes SimUsgs01 (columns 1–2) and SimUsgs02 (columns 3–4) using different SNR values.

Fig. 9. Processing output of and for the HYDICE scene. (a) ; (b) .
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Fig. 10. Processing output of and for the WTC scene. (a) ; (b) .

Fig. 11. ROC curves for and in the experiment with the HYDICE and WTC hyperspectral scene.

Fig. 12. Quantitative analysis of anomaly detection accuracy, indicated by the area under the ROC curve (AUC), for all the simulated and real scenes considered
in this study.
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Fig. 13. Graphical representation of the execution time (in seconds) of the parallel GRX and LRX algorihtms for the hyperspectral scenes HYDICE and WTC.

TABLE II
EXECUTION TIME (IN SECONDS) WITHOUT AND WITH THE PROPOSED SOFTWARE OPTIMIZATIONS FOR THE CALCULATION OF DIFFERENT STEPS OF THE LRX

ALGORITHM FOR THE SET OF HYPERSPECTRAL IMAGES CONSIDERED IN THIS STUDY

for all tested methods and scenes based on the AUC, where
the values of AUC for the synthetic images with several noise
levels ( , and ), and
for the real images have been represented. Globally, Fig. 12
shows that both GRX and LRX methods exhibit similar values
of AUC, which in most of the cases is larger than 0.9 (here,
we assume that 1.0 is the optimal value, i.e. 100% AUC).
However, LRX outperforms GRX for both real images, and
particularly for WTC. These numerical results are coherent
with the output filters presented in Figs. 9 and 10 where more
anomalies of small size can be visually identified for the LRX
filters.
Our introspection is that the selection of GRX or LRX is

strongly application-dependent although LRX seems to be more
robust than GRX for the cases of very small and sub-pixel anom-
alies in scenes with anomalies of different sizes (as it is often the
case in real scenes). It should be noted that sub-pixel anomalies
are of great interest in hyperspectral data exploitation given the
highly mixed nature of most pixels collected by imaging spec-
trometers. From these results, we also conclude that the com-
bination of both filters (GRX and LRX) in a single pass, in an
adaptive fashion depending on the size of the considered anom-
alies, is a topic deserving future research.

B. Assessment of the Parallel Performance of GRX and LRX
on Multicore Architectures

Our proposed optimizations of GRX and LRX have been
evaluated in terms of parallel performance on a multicore archi-
tecture composed by an octo-core 1.87 GHz Intel Xeon L7555
(8 cores) with 16 GB of main memory. The experiments were
carried out using the Linux Debian (version 2.6.32) operating
system, the C compiler icc (version 12.0.4) and the parallel
interface POSIX Threads NTPL (version 2.7).5

Table II summarizes the acceleration obtained by the pro-
posed software optimizations for the calculation of the LRX
algorithm. At this point, it is important to emphasize that the
LRX algorithm is computationally much more expensive than
GRX as explained in Section II. As shown in Table II, which
reports the results for all the hyperspectral images considered
in this study, the adopted software optimizations lead to signif-
icant improvements in all cases. On the one hand, the compu-
tation time of based on the recurrence relation is almost
10 times lower. On the other hand, if the computation of
is based on the solution of linear systems, the time for this stage
is reduced in a factor of (on average) with respect to

5https://computing.llnl.gov/tutorials/pthreads.
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TABLE III
EXECUTION TIME (IN SECONDS) AND SPEEDUP OBTAINED AFTER APPLYING THE PROPOSED PARALLEL OPTIMIZATIONS

FOR THE GRX AND LRX ALGORITHMS TO ALL THE HYPERSPECTRAL IMAGES CONSIDERED IN THIS STUDY

the approach based on the computation of the inverse matrix.
Notice that the value of is related to the ratio between the
computational complexity to obtain using the inverse and
the solution of the linear system. The complexity to compute the
inverse matrix of dimension is and the solution
of linear system based on the QR factorization is .
Globally, the optimized version of LRX is 7 times faster than
the standard implementation. The sequential LRX algorithm has
been optimized and taken as reference to develop the multicore
parallel implementation.
Table III reports our experimental results in terms of execu-

tion time (in seconds) and speedup obtained after processing

all the hyperspectral images considered in the present study.
The speedup represent how much faster the optimized multi-
core implementation is with respect to the optimized sequen-
tial version. This means that the values of the execution time
given in Table III correspond to a multithreaded version of the
best available (optimized) serial code. As shown by Table III,
linear speedups have been obtained for the LRX since the com-
putational burden of this algorithm has been mapped on inde-
pendent and balanced tasks, with light redundancy, which are
efficiently computed by the threads on the multicore. This is
an important observation, since the reported speedups are ob-
tained using as a reference the (already optimized) sequential
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implementations obtained after the proposed improvements de-
scribed in this paper. Combined, the proposed sequential and
parallel optimizations lead to highly improved computational
performance of both GRX and LRX. It should be noted that, for
the LRX experiments reported in Table III, we provide results
for two different values of parameter (i.e., and ,
used to generate the anomaly detection results reported in this
paper) in order to illustrate that the speedup results do not de-
pend on the values of . Further, for real images with different
sizes and number of spectral channels, Fig. 13 shows graphs of
the total runtime versus the number of threads of the parallel
version and the size of the window . It is worthy to point out
that the execution time of LRX linearly decreases as the number
of threads increases.
An important observation is that LRX is much better than

GRX in terms of scalability; i.e. while the speedup of LRX is
almost linear, for the GRX algorithm the speedup is around 4
when using 8 cores. Moreover, the values of the execution time
achieved by the optimized version of LRX are sufficiently small
to be processed at the same time as the data is collected, since
the cross-track line scan time in AVIRIS, a push-broom instru-
ment, is quite fast (8.3 msec to collect 512 full pixel vectors).
This introduces the need to process the WTC scene (with 614
512 pixels, which represents the standard chunk size collected
by AVIRIS before writing the data to disk onboard) in approxi-
mately 5.09 seconds to achieve similar time for processing and
data acquisition. In this regard, the reported processing time of
5.28 seconds for the optimized version of GRX represents a
good processing result reported for this algorithm using a small
number of cores (8, in our experiments). Despite the fact that the
proposed optimizations of LRX algorithm are still far from pro-
cessing at the same time as the data is collected, the obtained
linear speedup in this case suggests that our proposed parallel
version of LRX has the potential to scale efficiently in multicore
architectures with a large number of cores. In this regard, a line
of research deserving future attention consists of adapting the
proposed implementation of LRX to architectures with a higher
number of cores, including graphics processing units (GPUs).

VI. CONCLUSIONS AND FUTURE LINES

In this paper, we have proposed optimizations of the global
RX (GRX) algorithm for anomaly detection and a local version
of this algorithm (called LRX) in the context of hyperspectral
image processing. The proposed optimizations are twofold: on
the one side, they exploit sequential optimization techniques and
linear algebra libraries in order to accelerate the calculation of
the correlation matrix and the least square systems, which are
crucial for both algorithms. Second, we have developed new
parallel implementations optimized for multi-core platforms,
a well known, inexpensive and widely available high perfor-
mance computing technology. A detailed quantitative and com-
parative assessment of the proposed algorithms has been car-
ried out using both simulated and real hyperspectral images,
reporting processing times which are on the order of the time
employed to collect the data for the GRX algorithm and perfect
scalability for the LRX algorithm in an inexpensive multicore
system. The results obtained also suggest that GRX and LRX
are complementary in nature: while LRX is often more effective
in the task of detecting very small (sub-pixel) anomalies, GRX

generally provides a good characterization of larger anomalies.
Both approaches exhibit adequate performance in the presence
of noise.
Overall, the experimental results reported in this paper sug-

gest that the combination of linear algebra optimizations and
multithreading for parallel exploitation of standard multicore
architectures represents a source of computational power which
can help in the important task of obtaining processing times sim-
ilar to the data collection times in hyperspectral anomaly detec-
tion applications. To the best of our knowledge, the performance
results reported in this paper with a very small number of cores
and an inexpensive parallel platform represent a significant step
forward towards the ultimate goal of being able to exploit hy-
perspectral data at the same time as the data is collected on-
board the image acquisition platform. In this regard, our future
research will be focused on adapting the proposed implementa-
tions to multicore architectures with a higher number of cores,
including commodity GPUs and field programmable gate arrays
(FPGAs) for onboard exploitation in airborne and spaceborne
platforms for Earth observation. Another topic deserving future
research is the development of an integrated approach able to
exploit the advantages of both the GRX and LRX in adaptive
and synergistic fashion.
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