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Alp Ertürk, Member, IEEE, Marian-Daniel Iordache, and Antonio Plaza, Fellow, IEEE

Abstract—The localization of changes that occur between the
images in a multitemporal series is crucial for many applications,
ranging from environmental monitoring to military surveillance. In
contrast to traditional change detection methods, unmixing-based
change detection has been shown to have the important added
benefit of providing subpixel-level information on the nature of
the changes, instead of only providing the location of the changes.
Recently, sparse unmixing has also been introduced to hyperspec-
tral change detection, resulting in a method that circumvents the
drawbacks of regular spectral unmixing approaches. Sparse
unmixing-based change detection reveals the changes that oc-
cur in a multitemporal series, at subpixel level, and in terms of
the library spectra and their sparse abundances, and provides
enhanced change detection performance, especially when subpixel-
level changes have occurred. However, sparse unmixing is gener-
ally an ill-conditioned and time-consuming process, especially as
the size of the utilized spectral library increases. In this paper,
dictionary pruning is exploited for the first time for hyperspectral
change detection using sparse unmixing, in order to alleviate the
ill-conditioning of the problem and achieve decreased computation
times and enhanced change detection performance. Experimental
results on both realistic synthetic and real datasets are used to
validate the proposed approach.

Index Terms—Change detection, dictionary pruning,
hyperspectral imaging, multitemporal, sparse unmixing.

I. INTRODUCTION

HYPERSPECTRAL change detection is defined as the pro-
cess of detecting the changes that occur in a multitempo-

ral hyperspectral image series acquired from the same scene at
different times. These changes can occur due to the passage of
time, as a result of seasonal/diurnal variation, or may result from
a significant event such a natural disaster [1]. Change detection
for hyperspectral images is crucial for many application fields
such as urban planning, environmental monitoring, precision
agriculture, or defense.

There are a large number of existing change detection meth-
ods for multitemporal multispectral or hyperspectral imagery.
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Chronochrome (CC) [2] and covariance equalization (CE) [3],
which are, respectively, a linear predictor to calculate the linear
transformation matrix between the two images using second-
order statistics, and a similar method based on whitening, which
does not utilize cross-covariance matrix in order to reduce sen-
sitivity to misregistration, can still be considered the benchmark
change detection methods. Hyperbolic anomaly change detector
(HACD) [4] is a method that combines these linear predictors
in a general framework, and aims to detect anomalous changes.
Other change detection methods include subspace-based change
detection [5], which computes and uses the background sub-
space in one image to detect the changes in another image,
and multivariate alteration detection (MAD) [6] and iteratively
reweighted MAD [7], which aim to detect the changes using the
canonical variates.

While there are a large number of change detection methods
in the literature, most (if not all) such methods operate on a
pixel-level basis, and require modifications to be able to provide
subpixel-level change detection outputs. In addition, none of
those methods provide the information about the actual nature
of the change. In light of these points, unmixing-based change
detection comes to forefront.

Unmixing is the process of decomposing each pixel of a hy-
perspectral image into a set of fractional abundances of end-
member signatures [8]. A thorough review of the different
approaches and methods for unmixing can be found in [9].
A recent addition, unmixing-based change detection provides
subpixel-level change detection outputs and had the added ben-
efit of providing easy to interpret information on the nature of
the changes that have occurred. This information on the “na-
ture” can be in terms of a sudden increase in the abundance
of an endmember, such as water, for natural disasters, change
in the type of cultivated crop or a change in the stress levels
for crops in a farmland, new anomalous endmembers in the
scene for target detection, and so on. A general framework for
change detection by spectral unmixing has been proposed in
[10], whereas a case study on subpixel-level change detection
by unmixing is presented in [11], and land-cover mapping by
unmixing is discussed in [12]. In a recent paper, unmixing-based
change detection, and the benefits it provides have been exam-
ined and presented in detail [13]. Similar benefits have been
highlighted in a very recent paper, which proposes multitem-
poral unmixing with a patch scheme for change detection [14].
These techniques all rely on a traditional (unsupervised) spectral
unmixing approach based on dimensionality reduction followed
by image-based endmember extraction. In another recent paper,
sparse unmixing has been utilized for the first time in unmixing-
based change detection for multitemporal hyperspectral
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images [15]. In this case, the unmixing approach is driven by
the use of a spectral library that is assumed to contain ideal
endmembers. This introduces a fundamental difference with the
change detection techniques based on traditional spectral un-
mixing, in which the endmembers (and their number) need to
be estimated in advance, while in sparse unmixing the end-
members are assumed to be available in the library, which is ex-
ploited in semisupervised fashion to perform the unmixing of the
scene.

In fact, sparse unmixing aims to detect an optimal subset of
signatures from a potentially large spectral library to accurately
and efficiently model the hyperspectral data at hand [16], [17]. A
sparsity-inducing regularizer function is most commonly used
to keep the number of selected signatures as small as possible.
Sparse unmixing has gained much attention in recent years with
the increase in the availability and scope of spectral libraries.
Sparse unmixing via variable splitting augmented Lagrangian
(SUnSAL) [18] is still considered the benchmark sparse un-
mixing method. However, sparse unmixing methods that also
utilize spatial information have recently started to become more
prominent. Among such methods, sparse unmixing via variable
splitting augmented Lagrangian and total variation (SUnSAL-
TV) [19], which includes spatial information by means of a
TV regularizer [20], and nonlocal sparse unmixing [21], which
uses spatial information to derive possible predictions in the
abundance maps, can be counted.

Sparse unmixing-based change detection using spectral li-
braries, introduced in [15], provides subpixel-level change
detection, and information on the nature of the changes
between the temporal datasets in terms of endmembers and
abundances. The approach also provides increased change
detection performance with respect to conventional change
detection methods, especially when there are subpixel-level
variations [15].

While sparse unmixing has many advantages, it is also an
ill-conditioned and time-consuming problem due to the large
sizes and high coherences, i.e., high similarities between the
contained signatures, of the spectral libraries. To address this
shortcoming, in a recent paper, the fact that hyperspectral im-
ages can be represented in a lower dimensional subspace with
small information loss has been utilized to detect a subset of
the spectral library to be used in sparse unmixing [22]. Using
this subset of the spectral library with sparse unmixing for the
data has been shown to improve the conditioning of the process,
and decrease the high similarity of the signatures in the spec-
tral library, therefore decreasing computation times while also
enhancing performances [22].

This paper introduces dictionary pruning for sparse
unmixing-based change detection in hyperspectral images. The
proposed approach alleviates the ill-conditioning of the un-
mixing process, and achieves reduced computation time and
enhanced change detection performance.

The remainder of this paper is organized as follows. The
proposed methodology is presented in Section II. Experimen-
tal results for synthetic and real datasets are provided in
Section III and Section IV, respectively. Section V concludes
the paper with hints at plausible future studies.

II. METHODOLOGY

In this paper, sparse unmixing with dictionary pruning is
proposed for change detection in multitemporal hyperspectral
images. The proposed method can be used with any spectral
library. However, the spectral signatures in the spectral library
need to be matched to the data in terms of characteristics. For
this reason, in this paper, two preprocessing steps are applied to
spectral libraries before dictionary pruning. First, the number of
spectral bands of the signatures in the library is reduced to match
the number of bands of the hyperspectral datasets, as generally
the number of bands for the library signatures is significantly
higher than those of hyperspectral datasets. This reduction is
done by a nearest neighbor approach in the spectral axis, such
that for each signature in the library, the spectral bands with
the wavelengths that most closely match the wavelengths of the
spectral bands of the data are selected, and the rest of the bands
are eliminated. As this step may cause discontinuities in the
resulting signatures, the second preprocessing step is used, in
which a simple Gaussian filter is used to smooth out the resulting
spectral signatures.

After these preprocessing steps have been conducted, dictio-
nary pruning is applied to the spectral library with the signatures
that match the data characteristics. This dictionary pruning pro-
cess is mostly similar to the process proposed in [22], and is
repeated here for completeness. Dictionary pruning process is
as follows.

1) The subspace dimensionality of the data is estimated us-
ing the hyperspectral subspace identification by minimum
error (HySime) [23]. In this paper, the dimensionality
is estimated from the whole multitemporal hyperspectral
datasets acquired from a scene, in conjunction, instead
of from each temporal dataset separately, as the dictio-
nary will be pruned once for all the temporal datasets. For
this purpose, temporal hyperspectral images are spatially
merged into a single data stack.

2) The spectral signatures of the library are orthogonally
projected onto the eigenvectors of the subspace detected
in the first step.

3) Projection error is computed for each library signature
based on normalized Euclidian distance.

4) A subset of the spectral library is retained based on projec-
tion error. In this paper, a fixed threshold as in [17] is not
used for this purpose, due to the variability of the errors.
Instead, a percentage of the library is retained, starting
from the signature with the lowest projection error. This
percentage has been fixed to 25% throughout this paper,
for simplicity.

After the dictionary pruning process is completed, sparse
unmixing with the pruned spectral library is applied to the mul-
titemporal hyperspectral data stack. This ensures that the sparse
solutions do not vary greatly for the temporal datasets. In this
paper, SUnSAL-TV is selected as the sparse unmixing method,
as it integrates spatial processing into the unmixing progress,
and hence provides increased performance with respect to more
regular sparse unmixing approaches. SUnSAL-TV solves the
following optimization problem under the linear mixture model
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assumption:

min
X

1
2
‖AX − Y ‖2

F + λ‖X‖1,1 + λTVTV (X) (1)

subject to X ≥ 0

TV (X) ≡
∑

{i,j}∈ε

‖X i − Xj‖1 (2)

where ε denotes the set of neighbors, A denotes the spectral
library, Y is the observed data, and X is the abundance matrix,
such that the abundance vector of pixel i is X i . The first term
in (1) aims to keep the reconstruction error low, the second term
aims to keep the abundance matrix sparse, while the third term
promotes smooth transitions in the abundances for neighboring
pixels. In this paper, the maximum number of iterations for
SUnSAL-TV was fixed to 200 in each test, for simplicity. Note
that it is possible to achieve better performances by increasing
the number of iterations, at the cost of computation time.

The sparse abundance matrix outputs of SUnSAL-TV are
then assigned into the corresponding temporal datasets. After
this step, changes between the temporal datasets are revealed
through the differences in their respective abundance maps for
each library spectral signature that exists in the sparse solution
for the multitemporal dataset. The variation for a material can
be obtained by a simple difference operation on the abundance
maps obtained for each temporal dataset for that material’s li-
brary signature. An overall change map is constructed by simple
summation of each abundance variation map.

The proposed methodology can be used with any spectral li-
brary. However, as expected, the performance would be better
with a spectral library that closely relates to the multitemporal
dataset (and the sensor used to acquire the data) with respect
to a spectral library that does not have much in common with
the data at hand. In addition, while the approach could be used
for raw data, atmospherically corrected data are more relat-
able to the library spectra collected in the laboratory environ-
ment, and therefore better performances would be obtained for
atmospherically corrected data, as in this paper.

III. EXPERIMENTAL RESULTS ON SYNTHETIC DATA

A. Synthetic Dataset 1

A synthetic multitemporal hyperspectral dataset is simulated
from the AVIRIS Salinas dataset to be used in the experimental
results. Salinas is originally sized 512 × 217 pixels, with 224
spectral bands. Its spatial resolution is 3.7 m. The original dataset
and ground-truth information are available online in [24].

In this paper, a subset of the Salinas image is selected as
the first temporal hyperspectral dataset. The selected area is
217× 217 pixels. Water absorption bands have been eliminated,
resulting in 204 spectral bands. The second temporal dataset
is simulated from the first dataset by modifying some pixels
of the data. The modified pixels are in the “grapes_untrained”
class, and the modification is done by changing each pixel in the
“grapes_untrained” labeled regions to a randomly selected pixel
from the “vineyard_untrained” labeled section. RGB images of

Fig. 1. RGB images for the multitemporal Salinas dataset.

Fig. 2. Change ground truth for the multitemporal Salinas dataset.

the resulting temporal datasets are presented and the modified
locations are indicated in Figs. 1 and 2.

For the evaluation of sparse unmixing-based approaches, a
spectral library is constructed from the vegetation and man-
made signatures of the U.S. Geological Survey (USGS) spectral
library, for a total library size of 310. λ and λTV regularization
parameters of SUnSAL-TV have been set as 0.001 and 0.1, after
a crude empirical analysis.

In this case study, the changes between the temporal datasets
are purely at pixel level with no subpixel-level variation in-
volved. Hence, it should be expected that the traditional meth-
ods will also perform well in terms of overall change detection
performance. However, the conducted change is quite challeng-
ing, as the exchanged pixels are from very similar classes, both
in terms of RGB values, and spectrally. In addition, before pro-
cessing for change detection, additive Gaussian white noise is
added to each temporal dataset in 30 dB SNR to make the
problem more challenging.

Sparse unmixing-based approaches are compared with tra-
ditional change detection methods of change vector analysis
(CVA), spectral angular distance (SAD), CC, CE, and HACD.

Fig. 3 gives a comparison between the final change maps
obtained by each method. Note that the change maps for the
sparse unmixing-based approaches are obtained by the summa-
tion of abundance change map obtained for each library spectra.
ROC curves based on the ground-truth change map are provided
in Fig. 4.

It can be observed from the ROC curves that among the tra-
ditional methods, HACD performs the best overall. However,
the highest performances are achieved with sparse unmixing-
based change detection approaches. It can also be observed that
the proposed approach involving dictionary pruning enhances
change detection performance by improving the conditioning
of the problem. This can also be observed from the higher area
under curve (AUC) values that the proposed methodology pro-
vides, which are derived from the ROC curves and are presented
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Fig. 3. Final change maps for Salinas by (a) CVA, (b) SAD, (c) CC,
(d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

Fig. 4. ROC curves for the Salinas.

TABLE I
AUC VALUES AND RUNTIMES FOR SALINAS

Method AUC values Runtime (s)

CVA 0.7406 1.6
SAD 0.6743 2.2
CC 0.7466 0.3
CE 0.7323 0.3
HACD 0.8546 1.7
Sparse unmixing 0.9723 2120
Proposed 0.9800 560

in Table I. Also provided in Table I are the runtimes of each
method, evaluated on MATLAB platform on a computer with
16 GB RAM and i7-4700 HQ with dual 2.4 GHz processors.
The proposed method with the dictionary pruning step signif-
icantly reduces the computation times for change detection by
sparse unmixing. Note that the dictionary pruning step itself

Fig. 5. False color images for the multitemporal Pavia dataset.

Fig. 6. Change ground truth for the multitemporal Pavia dataset.

constitutes less than 1% of the proposed method’s computation
time, in this and all the following cases.

B. Synthetic Dataset 2

The second synthetic multitemporal hyperspectral dataset
is simulated from the ROSIS Pavia University dataset. Pavia
University is originally sized 120 × 70 pixels, with 103 spec-
tral bands. Its spatial resolution is 1.3 m, whereas the spectral
resolution is 4 nm.

In this paper, the area in the Pavia University image that con-
tains the metal building is selected as the first temporal hyper-
spectral dataset. Then, the vegetation regions located between
the parts of the building are modified to dirt regions such as
those located around the building, in order to obtain the sec-
ond temporal dataset. This modification process is done in sub-
pixel level and gradually such that, diagonally, the upper left
parts of the image are modified more significantly, whereas the
lower right parts are modified less significantly. Hence, the vari-
ations between the temporal datasets are at varying subpixel
levels. False color images of the resulting temporal datasets are
provided in Fig. 5, and the modified locations with indication
on their modification strength are visualized in Fig. 6. Addi-
tive Gaussian white noise is added to each temporal dataset in
30 dB SNR again, before processing to make the problem more
realistic.

The spectral library for the sparse unmixing-based ap-
proaches is constructed from the USGS spectral library, with
vegetation and man-made signatures, for a total spectra size of
310. λ and λTV regularization parameters of SUnSAL-TV have
been set as 0.001 and 0.01, after a crude empirical analysis. Note
that the λTV parameter is smaller in this test case with respect to
the previous case, as the spatial smoothness is less pronounced
in this image, with respect to the previous Salinas dataset.
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Fig. 7. Final change maps for the Pavia dataset by (a) CVA (b) SAD,
(c) CC, (d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

Fig. 8. ROC curves for the Pavia dataset.

The final change maps are presented in Fig. 7, and the ROC
curves based on the ground-truth change map are provided in
Fig. 8. It can be observed that the simple CVA method pro-
vides good performance for this case as the variation between
the temporal dataset is easy to observe in terms of color or
brightness. The other traditional methods have performed con-
siderably worse, as can be seen from Fig. 8, especially as the
subpixel variation becomes less pronounced, as can be observed
from Fig. 7. The highest performances are achieved with change
detection by sparse unmixing approaches, especially with the
method including dictionary pruning, which enhances the per-
formance by reducing the dictionary size and improving the
conditioning of the problem. This can also be observed from the
AUC values derived from these ROC curves that are presented
in Table II, along with the runtimes. The proposed method with
the dictionary pruning step once again significantly reduces the
computation times with respect to change detection by sparse
unmixing, in addition to enhancing the performance.

C. Synthetic Dataset 3

The third synthetic multitemporal hyperspectral dataset is
also simulated from the ROSIS Pavia University dataset. The

TABLE II
AUC VALUES AND RUNTIMES FOR PAVIA

Method AUC values Runtime (s)

CVA 0.9485 0.27
SAD 0.7986 0.35
CC 0.6875 <0.1
CE 0.8522 <0.1
HACD 0.7360 0.19
Sparse unmixing 0.9709 390
Proposed 0.9832 100

Fig. 9. False color images for the Pavia-Shadow dataset.

Fig. 10. Change ground truth for the Pavia-Shadow dataset.

same region of the image is used as the previous experimental
study, but this is a special case study, in that the change in
the scene is caused by the variation of shadow lengths. This
case study is aimed to show how each methods copes with
shadow variations. Note that the conducted changes are pixel
level, so traditional methods are expected to work as well as
any unmixing approach. False color images of the temporal
datasets are provided in Fig. 9, and the modified locations, i.e.,
the ground-truth change map, are visualized in Fig. 10. Additive
Gaussian white noise is added to each temporal dataset in 30 dB
SNR before processing to make the problem more realistic.

The spectral library for the sparse unmixing-based ap-
proaches is constructed from the USGS spectral library, with
vegetation and man-made signatures, for a total spectra size of
310. λ and λTV regularization parameters of SUnSAL-TV have
been set as 0.001 and 0.01.

The final change maps are presented in Fig. 11, and the ROC
curves based on the ground-truth change map are provided in
Fig. 12. AUC values are derived from these ROC curves that
are presented in Table III, along with the runtimes. As the vari-
ation between the temporal datasets is pixel-level shadow ef-
fect, CVA performs admirably well, along with the traditional
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Fig. 11. Final change maps for the Pavia-Shadow dataset by (a) CVA
(b) SAD, (c) CC, (d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

Fig. 12. ROC curves for the Pavia-Shadow dataset.

TABLE III
AUC VALUES FOR AND RUNTIMES FOR PAVIA-SHADOW

Method AUC values Runtime (s)

CVA 0.9931 0.26
SAD 0.8450 0.34
CC 0.9886 <0.1
CE 0.9960 <0.1
HACD 0.9718 0.19
Sparse unmixing 0.9778 335
Proposed 0.9843 86

methods of CC and CE. Sparse unmixing-based approaches
have performed slightly worse in this case, as the spectral li-
brary does not include a signature specifically for shadow, as to
be expected. Nevertheless, it can be observed that the proposed
approach enhances the performance of sparse unmixing-based
change detection. The proposed method also significantly re-
duces the computation times with respect to change detection
by sparse unmixing.

It should be noted that, in some cases, the detection of
shadow variations is not desired. If the utilized spectral li-
braries could contain a spectral signature for shadows, then

Fig. 13. RGB images for New Orleans dataset: (a) 2010 and (b) 2011.

the shadow changes would ideally be obtained specifically due
to an abundance variation of this signature, which in turn could
be eliminated. However, the spectral signature of areas with
shadow depends on what causes the shadow and on what the
shadow falls. As such, a specific library spectrum for shadow
cannot be obtained. Instead, to prevent the detection of shadow
variations in the multitemporal data as changes, a shadow de-
tection [25], [26] or deshadowing [27], [28] algorithm can be
used prior to the proposed methodology to mask out the shadow
areas.

IV. EXPERIMENTAL RESULTS ON REAL DATA

A. Real Dataset 1

Two hyperspectral datasets that are available in the online
AVIRIS database have been utilized for the first experimen-
tal study on real data. The respective datasets are acquired in
September 2010 and October 2011 from New Orleans, USA.
RGB images of the temporal datasets are provided in Fig. 13.
Twenty noisy bands have been eliminated before processing.

Using the vegetation and volatiles signatures from the USGS
spectral library, a spectral library of 224 spectra has been con-
structed for the sparse unmixing-based approaches. λ and λTV
regularization parameters of SUnSAL-TV have been set as
0.001 and 0.01, after a crude empirical analysis.

The change maps obtained by CVA, SAD, CC, CE, HACD,
sparse unmixing and sparse unmixing with dictionary pruning
are provided in Fig. 14.

A ground-truth change map has been prepared for this mul-
titemporal dataset, based on difference operators on false color
space, thresholding, and binary morphology. It should be noted
that the authors do not claim that the presented ground-truth
map is perfect or 100% correct. However, this ground-truth map
enables a quantitative assessment of the performances for the
respective methods. The ground-truth map, and the ROC curves
obtained based on this map are provided in Fig. 15.

For this dataset, CVA, SAD, CE, and the sparse unmixing-
based approaches provide relatively similar results, as the
change in the scene is relatively easy to detect. Whereas SAD
provides slightly better performance overall, the proposed ap-
proach enhances the performance of sparse unmixing-based
change detection by the added dictionary pruning step, while
also reducing average computation time from 5550 to 1660 s,
of which the dictionary pruning step itself takes around 9 s.
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Fig. 14. Final change maps for the New Orleans dataset by (a) CVA
(b) SAD, (c) CC, (d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

Fig. 15. Quantitative performance assessment for New Orleans dataset:
(a) ground-truth map and (b) ROC curves.

B. Real Dataset 2

APEX data acquired over Kalmthout, Belgium, are utilized
for the second real data experimental study. A forest fire that
has occurred in 23/05/2011 in Kalmthout is the primary in-
terest in this case study. Two different hyperspectral datasets
acquired in consecutive flights in June 2010 are spatially mo-
saicked to construct the first temporal dataset. The second
temporal dataset is acquired in June 2011, in a single flight.
This variation in flight lines is a direct result of the aforemen-
tioned fire, in that the data acquisition flight lines have been

Fig. 16. False color images for Kalmthout dataset: (a) 2010 and (b) 2011.

Fig. 17. Final change maps for the Kalmthout dataset by (a) CVA
(b) SAD, (c) CC, (d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

modified after the fire date to contain the area of interest in a sin-
gle flight line. The temporal datasets have been cut to 400 × 400
pixels sizes for computational concerns. Both temporal datasets
originally have 295 spectral bands, but the bands with very
low SNR are eliminated in this paper, resulting in 245 spectral
bands. False color images of the temporal datasets are provided
in Fig. 16.

λ and λTV regularization parameters of SUnSAL-TV have
been set as 0.001 and 0.1. A spectral library is constructed from
the vegetation and volatiles signatures of the USGS spectral li-
brary for a total number of 224 spectra. It should be once again
stressed that a dedicated spectral library with more relatable
signatures would result in a more enhanced and more informa-
tional result with the sparse unmixing-based change detection
approaches.

The final change maps obtained by CVA, SAD, CC, CE,
HACD, sparse unmixing, and the proposed method are pre-
sented in Fig. 17. Note that the interferers resulting from the
flight lines were removed from each change map by a simple
postprocessing step.
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Fig. 18. Quantitative performance assessment for Kalmthout dataset:
(a) ground-truth map and (b) ROC curves.

Fig. 19. False color images for Blodgett dataset: (a) 2007 and (b) 2013.

A ground-truth map has been prepared for the multitempo-
ral dataset, based on difference operators on false color space,
thresholding, and binary morphology. Whereas it should be
noted that this ground-truth map is in no way canon or per-
fect, it nevertheless enables a quantitative assessment of the
performances for the methods utilized in this paper. A minor
point of note is that as the ground-truth map is prepared based
on intensity differences in the color spaces, it may be acting in
favor of CVA.

The ground-truth map for the datasets and the ROC curves
computed based on this ground-truth map are provided in
Fig. 18. It can be observed that the proposed approach signifi-
cantly enhances the change detection performance with respect
to change detection by sparse unmixing, and provides the best
performance overall.

The second benefit of the proposed approach is the reduced
computation time with respect to sparse unmixing-based change
detection. For this case, the computation times have been re-
duced on from 7690 to 2270 s. The dictionary pruning step
itself costs 16 s on average.

C. Real Dataset 3

Two hyperspectral datasets that are available in the online
AVIRIS database have been utilized for the third experimen-
tal study on real data. The respective datasets are acquired in
2007 and 2013 from the Blodgett region, Oregon, USA. The
temporal datasets have been reduced to 180 × 120 pixels for
computational concerns. RGB images of the temporal datasets
are provided in Fig. 19.

Several green areas from the 2007 data are not present any-
more in the 2013 data, most probably due to (natural or man-
made) removal of trees. However, vegetation appears in other

Fig. 20. Final change maps for the Blodgett dataset by (a) CVA (b) SAD,
(c) CC, (d) CE, (e) HACD, (f) sparse unmixing, and (g) proposed.

Fig. 21. Quantitative performance assessment for Blodgett dataset:
(a) ground-truth map and (b) ROC curves.

pixels due to natural growth. The amount of changed pixels is
very low compared to the total number of pixels, 2.82% of the
pixels are subject to change.

Using the vegetation and volatiles signatures from the USGS
spectral library, a spectral library of 224 spectra has been con-
structed for the sparse unmixing-based approaches. λ and λTV
regularization parameters of SUnSAL-TV have been set as
0.001 and 0.01, after a crude empirical analysis.

The change maps obtained by CVA, SAD, CC, CE, HACD,
sparse unmixing and sparse unmixing with dictionary pruning
are provided in Fig. 20. A ground-truth change map has been
prepared for this multitemporal dataset, based on difference
operators on color space, thresholding, and binary morphology.
It should be noted again that the authors do not claim that the
presented ground-truth map is perfect or 100% correct. The
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ground-truth map and the ROC curves obtained based on this
map are provided in Fig. 21.

For this dataset, the proposed approach did not result in a per-
formance enhancement with respect to sparse unmixing-based
change detection without dictionary pruning step. However, dic-
tionary pruning resulted in a computational time reduction from
710 to 206 s, of which the dictionary pruning step itself took
around 2.1 s.

V. CONCLUSION AND FUTURE RESEARCH LINES

The numerous potentials and advantages of change detection
by unmixing for multispectral hyperspectral data, with respect
to traditional methods, have only recently begun to be investi-
gated in detail. Sparse unmixing-based change detection is the
most recent addition to the family of unmixing-based change
detection approaches, and enables to use spectral libraries in
the change detection process. With the increase in the number
and availability of spectral libraries, sparse unmixing is bound
to receive more and more attention in upcoming years. Sparse
unmixing-based change detection, which involves both spectral
and spatial processing, not only provides enhanced change de-
tection performance (especially when the data contain subpixel-
level changes), but also opens the door to applications that utilize
dedicated spectral libraries, as is in the fields of environmental
monitoring and defense. Nevertheless, sparse unmixing is over-
all an ill-conditioned and time-consuming problem due to large
library sizes and high coherence. This paper proposed the uti-
lization of a dictionary pruning approach with the recently pro-
posed sparse unmixing-based change detection, to improve the
conditioning of the unmixing process. The proposed approach
not only decreases the computation time significantly, but also
enhances the change detection performances even further, as
evidenced by the presented synthetic and real data experiments.
Possible future studies may aim to showcase the high perfor-
mance of the proposed approach for dedicated applications and
spectral libraries, or an investigation into the spectral library—
data mismatch problem, which is a common point of concern
for all sparse unmixing-based approaches.
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Cáceres, Spain. For his research activity and social implication, he was awarded
with the prize The Romanian Student of the Year in Europe 2011, offered by
the League of Romanian Students Abroad.

Antonio Plaza (M’05–SM’07–F’15) received the
M.Sc. and Ph.D. degrees in computer engineering
from the University of Extremadura, Badajoz, Spain,
in 1999 and 2002, respectively.

He is currently working as the Head of the Hyper-
spectral Computing Laboratory, Department of Tech-
nology of Computers and Communications, Univer-
sity of Extremadura. He has authored more than 500
publications, including 182 JCR journal papers (132
in IEEE journals), 20 book chapters, and more than
250 peer-reviewed conference proceeding papers. He

has guest edited nine special issues on hyperspectral remote sensing for different
journals. He has reviewed more than 500 manuscripts for more than 50 different
journals. His main research interests include hyperspectral data processing and
parallel computing of remote sensing data.

Dr. Plaza is a Fellow of IEEE “for contributions to hyperspectral data pro-
cessing and parallel computing of Earth observation data.” He received the
recognition of Best Reviewers of the IEEE GEOSCIENCE AND REMOTE SENSING

LETTERS in 2009 and received the recognition of Best Reviewers of the IEEE
TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING in 2010, for which he
served as an Associate Editor in 2007.2012. He is also an Associate Editor for
IEEE ACCESS and was a Member of the Editorial Board of the IEEE GEOSCIENCE

AND REMOTE SENSING Newsletter (2011–2012) and the IEEE GEOSCIENCE AND

REMOTE SENSING MAGAZINE in 2013. He was also a Member of the steering
committee of the IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OB-
SERVATIONS AND REMOTE SENSING (JSTARS). He received the Best Column
Award of the IEEE SIGNAL PROCESSING MAGAZINE in 2015, the 2013 Best
Paper Award of the JSTARS journal, and the most highly cited paper in the
JOURNAL OF PARALLEL AND DISTRIBUTED COMPUTING from 2005 to 2010. He
received the best paper awards at the IEEE International Conference on Space
Technology and the IEEE Symposium on Signal Processing and Information
Technology. In 2011.2012, he was the Director of Education Activities for the
IEEE Geoscience and Remote Sensing Society (GRSS) and is currently serving
as the President of the Spanish Chapter of IEEE GRSS. He is currently serving
as the Editor-in-Chief of the IEEE TRANSACTIONS ON GEOSCIENCE AND RE-
MOTE SENSING JOURNAL.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


