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Abstract—In recent years, the increased availability of spectral
libraries has resulted in a growing interest in sparse unmixing,
which aims to find an optimal subset of library signatures to repre-
sent the pixels of remotely sensed hyperspectral datasets as linear
combinations of these signatures. Sparse unmixing sidesteps two
important drawbacks of the regular spectral unmixing process,
namely the difficulty of estimating the number of endmembers,
and the process of extracting the endmembers itself, the result of
which will vary according to the utilized extraction method. In
this work, sparse unmixing is exploited for the first time in the
context of multitemporal hyperspectral data analysis and change
detection. Change detection by sparse unmixing based on spectral
libraries has the important advantage of providing not only pixel-
level but also subpixel-level change information for the hyperspec-
tral data. The changes that occur in multitemporal datasets due to
time or as a result of a significant event are revealed, at subpixel-
level, as the abundances of underlying endmembers within a pixel,
or as variations in the distribution of these endmembers through-
out the scene. The proposed approach is validated by experimental
studies on both carefully prepared synthetic datasets and real
datasets, using different spectral libraries.

Index Terms—Change detection, hyperspectral imaging, multi-
temporal data, sparse unmixing.

I. INTRODUCTION

H YPERSPECTRAL images consist of pixels that are not
the response of single underlying materials, but rather

the combinations of a set of pure spectral signatures, termed
endmembers in the literature. This is due to limited spatial reso-
lution of imaging spectrometers or microscopic mixture effects
[1]. Spectral unmixing is the process of decomposing each pixel
of a hyperspectral image into a set of fractional abundances for
these endmember signatures [2]. There is now a large number of
approaches and methods for detecting the dimensionality of the
data, i.e., the number of endmembers, extracting the endmem-
bers, and calculating the abundance of endmembers for each
pixel. A review of the different approaches and methods can be
found in [1].
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A. Ertürk is with Kocaeli University Laboratory of Image and Signal

Processing (KULIS), Kocaeli University, İzmit 41380, Turkey (e-mail:
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However, in many cases, detecting the dimensionality of the
data, and the identification of the real endmembers can be sig-
nificantly challenging. This situation has led to semisupervised
approaches in which the pixels are represented as combina-
tions of spectral signatures from a library available a priori
[3]. In this case, the problem amounts to detecting an opti-
mal subset of a (potentially very large) spectral library, which
can be used to accurately model each pixel in the scene [3].
For this purpose, an objective function which generally con-
tains a sparsity-inducing regularizer is used to keep the number
of regressors, i.e., the number of spectral signatures from the
spectral library which contribute to the abundances, as small
as possible. With the increase in the availability of spectral
libraries, and the advantage of circumventing the challenges of
regular spectral unmixing, sparse unmixing has gained much
attention in recent years. Although sparse unmixing via variable
splitting augmented Lagrangian (SUnSAL) [4] is the bench-
mark method used for this purpose, SUnSAL and other such
methods mostly focus on spectral information and disregard
the spatial information. Recent methods such as SUnSAL and
total variation (SUnSAL-TV) [5] or nonlocal sparse unmixing
(NLSU) [6] have been proposed to incorporate spatial infor-
mation into sparse unmixing. SUnSAL-TV includes a priori
spatial information in sparse unmixing by means of the TV
regularizer [7], whereas NLSU exploits the spatial information
among the possible predictions in the abundance maps. In the
collaborative SUnSAL (CLSUnSAL) [8], sparsity is imposed
for all pixels in the dataset simultaneously. In this work, sparse
unmixing is utilized for the first time for change detection in
multitemporal hyperspectral datasets.
Hyperspectral change detection is the process of detecting

the changes that occur between the multiple hyperspectral data
acquisitions from the same scene. These changes, whether
due to seasonal or diurnal variations, or resulting from human
activity or from a disaster or similar significant event, give
rise to many applications such as environmental monitoring,
urban planning, precision agriculture, or military surveillance
[9]. Global linear predictors such as chronochrome (CC) [10],
which is a linear prediction method that relies on using joint
second-order statistics to calculate the linear transformation
matrix between the two datasets, and covariance equalization
(CE) [11], which is a similar method based on whitening
that aims to reduce sensitivity to misregistration by not using
the cross-covariance matrix, are benchmark change detection
methods. An optional anomaly detection step can be used as
postprocessing after applying these methods to detect only
the anomalous changes. These approaches have been com-
bined in a general framework in a hyperbolic anomaly change
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Fig. 1. Block diagram of the approach.

detector (HACD) [12], and improved in [13] to include ellip-
tically contoured (EC) distributions, to address the fact that
real data are generally not Gaussian. Other change detection
methods include subspace-based change detection (SCD) [14],
which detects pixel-wise changes by using the background
subspace of the corresponding pixels in another image, and iter-
atively reweighted multivariate alteration detection (IR-MAD)
[15], which relies on canonical variants to detect the changes.
However, all these methods provide only the location of the
change, but no information about the actual nature of the
change. They also operate on a pixel-level basis, and do not
account for subpixel-level information.
Hyperspectral change detection by spectral unmixing, in

contrast, has the potential to provide easily interpretable infor-
mation about the nature of the change, and also provide
subpixel-level change information. The nature of the change
can be a natural disaster such as a flood, which would amount
to a significant increase in the abundance of “water” endmem-
ber throughout the scene, change in the cultivated crop in
a farmland, which would result in the change of the promi-
nent endmember in the region, settlement encroachment, i.e.,
increase in the abundance of man-made materials, or targets
of interest, which would mean new and anomalous endmem-
bers in the scene. However, even though hyperspectral change
detection by unmixing has the important advantage of pro-
viding subpixel-level results and information on the nature of
the change, it is still in an early stage in the literature, with
most studies being limited to case studies. A general frame-
work for change detection by spectral unmixing is proposed
in [16]. Subpixel-level change detection by unmixing is uti-
lized for a case study in [17]. Land-cover mapping by unmixing
is discussed in [18]. Change detection by spectral unmixing
is examined in detail and the subpixel-level information on
the nature of the change that such an approach provides are
presented by the authors in a recent work [19].
In this work, sparse unmixing is utilized for the first time

for change detection in multitemporal hyperspectral datasets.
Sparse unmixing, used in conjunction with spectral libraries,
circumvents the drawbacks of regular spectral unmixing, while
still providing subpixel-level detection and information on the
nature of the change by obtaining a separate change map for
each endmember. These features exhibit the potential to provide

additional valuable information with regard to existing change
detection techniques.
This paper is organized as follows. Section II describes the

proposed methodology for change detection in multitempo-
ral hyperspectral datasets by sparse unmixing. Experimental
results are provided in Sections III and IV for synthetic and real
datasets, respectively. Conclusion and hints at plausible future
studies are presented in Section V.

II. METHODOLOGY

In this work, sparse unmixing is utilized for change detection
in multitemporal hyperspectral images. For this purpose, tem-
poral hyperspectral images are spatially merged into a single
multitemporal hyperspectral data stack, and sparse unmixing
with a spectral library is applied on the whole stack as shown in
Fig. 1. Sparse unmixing is applied on the whole multitemporal
data so that the resulting sparse solutions do not vary greatly
between the temporal datasets.
SUnSAL-TV, which includes spatial information in the

spectral-based processing of SUnSAL, is selected as the
sparse unmixing method in this work. Assuming a linear mix-
ing model, SUnSAL-TV solves the following optimization
problem:

min
X

1

2
‖AX − Y ‖2F + λ‖X‖1,1 + λTV TV(X) (1)

subject toX ≥ 0

TV(X) ≡
∑

{i,j}∈ε

‖Xi −Xj1‖ (2)

where TV(X) is a vectorial extension of nonisotropic TV,
which promotes piecewise smooth transitions in the fractional
abundance of the same endmember among neighboring pixels.
ε denotes the set of horizontal and vertical neighbors in the
image,A denotes a spectral library available a priori,X is the
matrix of fractional abundances, in whichXi is the abundance
vector of the pixel i, and Y is the observed data.
In (1), the first term ensures a low reconstruction error, the

second term imposes the sparsity constraint on the matrix of
abundances, while the third term enforces spatial homogeneity
of the abundance maps. The two regularization parameters λ
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and λTV weight the contribution of the last two terms in the
optimization function. In this work, throughout all the tests,
the λ and λTV parameters of SUnSAL-TV have been taken
as 0.0001 and 0.03, respectively, for simplicity. The maximum
number of iterations for SUnSAL-TV was empirically fixed
to 200.
It should be noted that any spectral library can be used with

our proposed sparse unmixing approach. However, the better
the signatures in the library relate to the data (or to the char-
acteristics of the sensor used to acquire the data), the better
the performance of the method. To demonstrate this point, two
different spectral libraries are utilized in this work. Another
important aspect to note is that the signatures in the library
generally require a preprocessing step in which the number of
spectral bands of the signatures are downgraded (convolved) to
the number of bands of the data. In this work, this downgrad-
ing is done with respect to the wavelength information of the
spectral bands of the data, using a nearest neighbor approach.
In other words, for each signature, the bands with the closest
wavelengths with regard to those of the real data are selected.
Then, a simple Gaussian filter is used to smooth the resulting
signatures and remove any discontinuities.
After applying sparse unmixing, the resulting sparse solu-

tions with endmembers and abundances are divided/assigned
into their corresponding temporal datasets. In this step, any
change between the temporal datasets is revealed, either as
a library spectral signature that is obtained for one temporal
dataset and not for the other, or as a change in the abundance of
library spectra that exist in both temporal datasets. It is also pos-
sible to examine the abundance map obtained for each library
spectra in each temporal dataset, the variation of which can be
detected by a simple difference operation. The resulting vari-
ations in the abundance maps constitute the change map for
that given library spectra. The overall change map is thus calcu-
lated by simple summation of the change maps for each library
spectra.

III. EXPERIMENTAL RESULTS ON SYNTHETIC DATA

A. Synthetic Dataset 1

The first synthetic multitemporal dataset used in our exper-
iments has been simulated from the Fractal 1 synthetic data.1
Fractal 1 image has 221 spectral bands and its size in pixels
is 100× 100. It contains nine endmember mineral signatures,
which are originally from U.S. Geological Survey (USGS)
spectral library.2 These mineral signatures are presented in
Fig. 2.
A synthetic temporal hyperspectral dataset is constructed in

this work by modifying the abundances of the endmembers
in a region, so that sphene mineral becomes more prominent,
while alunite, halloysite, and pyrophilite minerals decrease in
abundance. This modification is both defined at pixel-level and
subpixel-level, depending on the location. The original dataset

1[Online]. Available: http://www.hypercomp.es/hypermix
2[Online]. Available: http://speclab.cr.usgs.gov/spectral-lib.html

Fig. 2. Endmember signatures of Fractal 1 data.

Fig. 3. Color images for the temporal datasets of Fractal 1 for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 4. Abundances for the temporal datasets of Fractal 1 for (a) first temporal
dataset and (b) second temporal dataset.

and the modified dataset are taken as the two temporal hyper-
spectral datasets. Color images of the temporal datasets are
provided in Fig. 3.
Additive Gaussian white noise with 30-dB signal-to-noise

ratio (SNR) is added to each temporal dataset before process-
ing. The mineral signatures in the USGS spectral library are
used with SUnSAL-TV for a library size of 478 spectra. The
abundances obtained by the proposed approach for both tem-
poral datasets are presented in Fig. 4. The small number of
spectra that are prominent reveals the sparseness of the solu-
tion provided by the proposed approach. Whereas the subset
of prominent spectra obtained by our approach does not per-
fectly match the endmembers in the data one-to-one, two of
the endmembers that have varying abundances between the two
temporal datasets, alunite and pyrophilite, have been detected
by our approach.
A performance comparison is conducted qualitatively by

observing the final change maps, and quantitatively by receiver-
operating-characteristic (ROC) curves, which are calculated
based on a manually prepared ground truth map. The perfor-
mance of the proposed change detection by sparse unmixing
approach is compared with spectral angle distance (SAD),
CC, HACD, and IR-MAD methods. It should be noted that
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Fig. 5. Final change maps for the Fractal 1 by (a) SAD; (b) CC; (c) HACD;
(d) IR-MAD; and (e) sparse unmixing.

Fig. 6. ROC curves for Fractal 1.

IR-MAD is a method developed for multispectral images,
and its performance for hyperspectral images would increase
if a regularization is applied to the data prior to pro-
cessing. Nevertheless, the author’s codes have been used
directly in this work, without any regularization step added to
the codes.
The final change maps are presented in Fig. 5, and the ROC

curves are given in Fig. 6. Note that the final change map for
the proposed approach is obtained by simple summation of the
change maps obtained for each endmember. It can be observed
that the proposed method provides the best results overall.

B. Synthetic Dataset 2

The second synthetic multitemporal dataset is simulated
from the well-known ROSIS Pavia University data [20]. The
spatial resolution of the dataset is 1.3 m, and the spectral reso-
lution is 4 nm. The area around the metal building in the scene
is extracted as the first temporal dataset. Its size is 120× 70
pixels, with 103 spectral bands. A second synthetic tempo-
ral dataset is simulated in a way that the vegetation regions
between the parts of the building are manually modified to dirt,
the information of which is extracted from the region around
the building. This modification is done in terms of abundances,
i.e., at subpixel-level, and also gradually so that diagonally
the upper leftmost parts of the image have more variation in

Fig. 7. RGB images for the first synthetic dataset.

Fig. 8. Abundances for Pavia Building with USGS library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 9. Abundances for Pavia Building with ASTER library for (a) first
temporal dataset and (b) second temporal dataset.

abundances than the lower rightmost parts. The multitemporal
dataset is referred to hereinafter as Pavia Building. RGB images
of the datasets are provided in Fig. 7.
Additive Gaussian white noise with 30-dB SNR is added to

each temporal dataset before processing. The proposed change
detection by sparse unmixing approach is evaluated for two dif-
ferent spectral libraries. The first spectral library is constructed
from the USGS spectral library, with vegetation and man-made
signatures, for a total spectra size of 310.
The second spectral library is constructed from the Advanced

Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) spectral library,3 using the vegetation, soils, and
man-made spectral signatures for a total of 87 spectra. Note
that only the spectra in the range of the wavelengths of the
data are included. The abundances obtained by the proposed
approach are presented in Figs. 8 and 9, for the two spectral

3[Online]. Available: http://speclib.jpl.nasa.gov
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Fig. 10. Final change maps for Pavia Building by using: (a) SAD; (b) CC;
(c) HACD; (d) IR-MAD; (e) sparse unmixing with USGS library; and (f) sparse
unmixing with ASTER library.

Fig. 11. ROC curves for Pavia Building.

libraries, respectively. Sparseness can again be observed in
the obtained solutions.
It should be noted that the signatures in the library do not

directly match the data. Hence, when USGS library is used, the
prominent spectra are obtained to be nylon and plastic for the
vegetation in the scene, and fiberglass for the building. When
the ASTER library is used, the spectra match the data better,
and the prominent spectra are found to be vegetation-grass,
vegetation-trees, asphalt, and roofing tile, in addition to some
abundances in different soil types.
The final change maps obtained by the proposed approach,

and by the other methods used for performance comparisons,
are presented in Fig. 10. A high amount of false alarms can
be observed for SAD. CC gives a cleaner result, but misses
the subtle, i.e., subpixel-level, changes. HACD performs some-
what better than CC, as expected. IR-MAD provides very noisy
results, whereas the proposed approach performs the best over-
all with the spectral library of USGS. This can also be observed
from the ROC curves, based on a manually prepared ground
truth map, provided in Fig. 11.

Fig. 12. RGB images for Pavia Car.

Fig. 13. Abundances for Pavia Car with USGS library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 14. Abundances for Pavia Car with ASTER library for (a) first temporal
dataset and (b) second temporal dataset.

C. Synthetic Dataset 3

The third synthetic multitemporal dataset is also formed from
the ROSIS Pavia University data. The area around a crossroads
in the scene is taken as the first temporal dataset. The dataset
comprises 75× 70 pixels in size, with 103 spectral bands. In
the second synthetic temporal dataset, the vehicle in the scene is
carefully removed and the pixels in the corresponding locations
are modified to pixels belonging to the road in the background.
In addition, the pixels that are directly around the vehicle are
also modified at subpixel-level, to remove the shadow effects.
The multitemporal dataset is referred hereinafter as Pavia Car.
RGB images are provided in Fig. 12. Additive Gaussian white
noise is added to each dataset in 30-dB SNR before processing.
The abundance maps for each temporal dataset are provided in
Figs. 13 and 14, for the two spectral libraries used, which are
the same as in the previous synthetic data experiment.
In this case, when the spectral library is constructed from

the USGS signatures, the prominent spectra in the datasets
are found to be aspen, flower-petunia, leafy spurge, sagebrush,
plastic, and nylon. The change is observed to be mostly located
on spectra that are identified as cyanide, fiberglass, insulation,
and tarp.
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Fig. 15. Final change maps for Pavia Car by using: (a) SAD; (b) CC;
(c) HACD; (d) IR-MAD; (e) sparse unmixing with USGS library; and (f) sparse
unmixing with ASTER library.

Fig. 16. ROC curves for Pavia Car.

When the spectral library is constructed from ASTER sig-
natures, the prominent spectra are observed to be located in
spectra such as different kinds of soil, asphalt, concrete and
roofing tile, and some abundance also for vegetation-grass and
vegetation-trees signatures with significant changes occurring
for the concrete and construction marble spectra.
The final change maps are provided in Fig. 15. It can be

observed that SAD performs the worst in this particular case.
For the proposed method, it can be observed that the perfor-
mance is much better with the spectral library formed from
the USGS library, as compared to the ASTER library. The
performance exhibited by the other methods appears to be
comparable.
In Fig. 16, ROC curves are provided, based on a manually

prepared ground truth. It can be seen that HACD and IR-MAD
have performed well in this case, as the variations between the
datasets are mostly at pixel-level instead of subpixel-level, but
sparse unmixing with the USGS spectral library has performed
better.

D. Synthetic Dataset 4

The fourth synthetic multitemporal dataset is simulated from
the AVIRIS Salinas dataset. The temporal datasets are of size
217× 217 pixels, with 204 spectral bands. The spatial resolu-
tion of the datasets is 3.7 m. A subset of the AVIRIS Salinas

Fig. 17. RGB images for the Salinas dataset.

Fig. 18. Abundances for Salinas with USGS library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 19. Abundances for Salinas with ASTER library for (a) first temporal
dataset and (b) second temporal dataset.

data is selected as the first temporal dataset. For the second tem-
poral dataset, the pixels in the region at the bottom of the scene
(belonging to Brocoli green weeds class) are modified into pix-
els in the Celery class region, randomly. Note that this variation
is purely at pixel-level, i.e., there is no subpixel-level variation
between the temporal datasets Ground truth data information
for the AVIRIS Salinas data is available in [20]. RGB images
are provided in Fig. 17.
Additive Gaussian white noise is later added to each temporal

dataset with 30-dB SNR. Two spectral libraries are constructed,
one from the vegetation and man-made signatures of the USGS
spectral library, for a total library size of 310, and the other
from the vegetation, soil, and man-made signatures of the
ASTER library for a total number of 121 spectra. The abun-
dance maps for each temporal dataset are provided in Figs. 18
and 19. The prominent spectra in the datasets are observed
to be flower-platycodon, lawn grass, leafy spurge, rangeland,
wetland, brick, paint, plastic, and polyester from the library
from USGS, and vegetation-trees, soil-mollisol, soil-aridisol,
construction paint, roofing-metal, roofing-paper, and roofing-
shingle from the library from ASTER. Note that the ASTER
spectral library contains only four vegetation signatures in total,
which prevents the representation of the data in a similar way
to the ground truth.
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Fig. 20. Final change maps for Salinas by (a) SAD; (b) CC; (c) HACD; (d) IR-
MAD; (e) sparse unmixing with USGS library; and (f) sparse unmixing with
ASTER library.

Fig. 21. ROC curves for the Salinas.

Fig. 20 gives a comparison between the final change maps.
It can be observed that the simple SAD metric performs very
poorly in this dataset. HACD seems to provide the cleanest
result in terms of false alarms, followed closely by sparse
unmixing with the spectral library based on USGS spectral
library. ROC curves based on the ground truth map are provided
in Fig. 21. HACD performs the best in this experiment, fol-
lowed very closely by sparse unmixing with the USGS library.
CC and sparse unmixing with the ASTER library perform
comparably and better than IR-MAD.

IV. EXPERIMENTAL RESULTS ON REAL DATA

A. Real Dataset 1

For the first experimental study on real data, subsets of two
AVIRIS datasets that are available in the AVIRIS database [21]
are used. The datasets are from the New Orleans area, acquired
in the dates of September 2010 and October 2011. The spatial
resolution of the datasets is around 3.4 m. RGB images of the
temporal datasets are provided in Fig. 22.
The first spectral library is constructed from the vegetation

and volatiles signatures from the USGS spectral library for
a total number of 224 spectra. The second spectral library is
constructed from the water/snow/ice, vegetation, and soil signa-
tures from the ASTER library for a total number of 52 spectra.

Fig. 22. RGB images for New Orleans: (a) September 2010 and (b) October
2011.

Fig. 23. Abundances for New Orleans with USGS library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 24. Abundances forNewOrleanswith ASTER library for (a) first temporal
dataset and (b) second temporal dataset.

The abundances obtained by the sparse unmixing approach for
both temporal datasets and spectral libraries are provided in
Figs. 23 and 24. Using the library from USGS, the most promi-
nent spectra in the datasets are found to be red coated algea
water, open ocean seawater, water and montmor mixture,
leafy spurge, rangeland, and wetland signatures. The variation
between the datasets in this case is very clear in terms of spec-
tra, and the abundance of watery signatures increases, while the
abundance of rangeland, wetland, and leafy spurge decreases
in the locations that exhibit the change. This result is mostly
compatible with the change in the given multitemporal dataset.
Using the library from ASTER, the most significant spec-

tra are obtained to be ice, with the most significant variation
in abundance between the two temporal datasets obtained for
ice, vegetation-trees, and soil-aridisol. This matching to the
ice signature is probably caused by a discrepancy between the
spectral signatures in the ASTER database, and this dataset. In
other words, the ASTER spectral library is inadequate in rep-
resenting this dataset in a good way. As can be observed from
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Fig. 25. Final change maps for New Orleans by (a) SAD; (b) CC; (c) HACD;
(d) IR-MAD; (e) sparse unmixing with USGS library; and (f) sparse unmixing
with ASTER library.

the case when the USGS spectral library is utilized, a spectral
library that can better match the spectra in the data overcomes
this possible shortcoming, which would also not occur with a
mission-specific spectral library.
The final change maps, along with the change maps obtained

with the other utilized methods, are provided in Fig. 25. It can
be seen that CC and IR-MAD have provided the worst results
for these datasets. The change maps obtained by SAD, HACD,
and the final change maps obtained by the proposed change
detection by sparse unmixing appear comparable.
In order to be able to provide a quantitative assessment of

performance, ground truth maps have been prepared in this
work for this dataset, by a combination of automatic data clus-
tering and manual work. Two possible ground truth maps, and
the ROC curves resulting from the utilization of each, are pro-
vided in Figs. 26 and 27. One of the ground truth maps can be
considered as “easy” or pixel-level, while the second ground
truth map can be considered as “challenging” or containing
subpixel-level changes. While these ground truth maps are not
perfect, they enable a relatively reliable and fair quantitative
assessment of performance. It can be observed from the ROC
curves that the simple SAD method outperforms all the other
methods, whereas the performance of the proposed approach
comes a close second. Note that neither of the other meth-
ods provide information on the nature of the change, as the
proposed approach does.

B. Real Dataset 2

For the second experimental study using real data, APEX
data acquired over Kalmthout, Belgium, are utilized. The area
of interest contains a forest fire that occurred in May 23, 2011.
Because the flight lines are different before and after the fire
occurs, two different hyperspectral datasets, acquired in June
2010, have been merged, i.e., mosaicked in this work to obtain

Fig. 26. Quantitative performance assessment for New Orleans. (a) Ground
truth map. (b) ROC curves.

Fig. 27. Second quantitative performance assessment for New Orleans.
(a) Ground truth map. (b) ROC curves.

Fig. 28. RGB images for Kalmthout. (a) June 2010, first flight line data.
(b) June 2010, second flight line data. (c) June 2011.

the first temporal dataset. The second temporal dataset belongs
to a single flight line of hyperspectral data, acquired in June
2011. The datasets have 295 spectral bands, but in this work the
bands with low SNR are eliminated, resulting in 245 spectral
bands. RGB images of the two temporal datasets are presented
in Fig. 28.
Two spectral libraries, one constructed from the vegeta-

tion and volatiles signatures from the USGS spectral library
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Fig. 29. Abundances for Kalmthout with USGS library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 30. Abundances for Kalmthout with ASTER library for (a) first temporal
dataset and (b) second temporal dataset.

for a total number of 224 spectra, and the other from
the water/snow/ice, vegetation, and soil signatures from the
ASTER library for a total number of 52 spectra, are used with
the proposed approach. The abundances obtained for both tem-
poral datasets are shown in Figs. 29 and 30. For the spectral
library based on the USGS library, the main variations between
the datasets were found to be in the water and rangeland sig-
natures. For the ASTER spectral library, again the spectral
signature of ice appears prominent in both temporal datasets
and for the variation.
The final change maps obtained by SAD, CC, HACD, IR-

MAD, and the proposed method are presented in Fig. 31. The
interferers resulting from the flight lines were removed from
the change maps by postprocessing, as they were detected as
changes also. A reference map, extracted from a news article
about the fire, is presented in Fig. 32. By qualitatively compar-
ing the change maps with the reference map, it can be stated
that SAD presents the best results overall in this particular case.
A drawback of the proposed approach for this dataset is that
neither of the utilized spectral libraries contain spectral signa-
tures for burned area/vegetation, which limit the performance
of the proposed approach in this particular case. It should be
anticipated that the performance of the proposed method would
increase with a spectral library that includes signatures of forest
fire or burned vegetation.
In order to be able to provide a quantitative assessment of

performance, ground truth maps have been prepared in this
work for this dataset, by using the reference map in Fig. 32 and
manual work, following in-depth discussions with researchers
who have been to the area immediately after the fire. Two pos-
sible ground truth maps, and the ROC curves resulting from the
utilization of each, are provided in Figs. 33 and 34.

Fig. 31. Final change maps for Kalmthout by (a) SAD; (b) CC; (c) HACD;
(d) IR-MAD; (e) sparse unmixing with SGS library; and (f) sparse unmixing
with ASTER library.

Fig. 32. Reference map for Kalmthout.

One of the ground truth maps can be considered as “easy”
or pixel-level, while the second ground truth map can be con-
sidered as “challenging” or containing subpixel-level changes.
While these ground truth maps are not perfect, nevertheless they
enable a relatively reliable and fair quantitative assessment of
performance. It can be observed from the ROC curves that the
data are more challenging and the performances of the methods
are lower.

C. Real Dataset 3

For the third experimental study using real data, spatial
subsets of two EO-1 Hyperion datasets have been used. The
datasets have been acquired over Athens, Greece, in September
2003 and September 2004. The spatial resolution of the datasets
is 30 m, and the spatial size of the images is 160× 160 pixels.
RGB images of the temporal dataset are provided in Fig. 35.
Two spectral libraries, one constructed from the vegetation,

volatiles and man-made signatures from the USGS spectral
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Fig. 33. Quantitative performance assessment for Kalmthout. (a) Ground truth
map. (b) ROC curves.

Fig. 34. Second quantitative performance assessment for Kalmthout.
(a) Ground truth map. (b) ROC curves.

Fig. 35. RGB images for Athens: (a) September 2003 and (b) September 2004.

library (for a total number of 334 spectra), and the other
from the water/snow/ice, vegetation, soil, and man-made sig-
natures from the ASTER library (for a total number of 129
spectra), are used with the proposed approach. The abun-
dances obtained for both temporal datasets are shown in
Figs. 36 and 37. For the spectral library based on the USGS
library, the main abundance variations between the datasets
were found for various water signatures, metal sheet, vinyl
plastic, petunia flower, and Reynolds tunnel sludge. For the
ASTER spectral library, the main abundance variations in the
scene are obtained for water, aridisol soil, and mollisol soil
signatures.
The final change maps obtained by SAD, CC, HACD, IR-

MAD, and the proposed method are presented in Fig. 38. It
can be seen that SAD provides the best visual results overall.
For quantitative assessment, a ground truth change map has

Fig. 36. Abundances for Athenswith USGS library for (a) first temporal dataset
and (b) second temporal dataset.

Fig. 37. Abundances for Athens with ASTER library for (a) first temporal
dataset and (b) second temporal dataset.

Fig. 38. Final change maps for Athens by (a) SAD; (b) CC; (c) HACD; (d) IR-
MAD; (e) sparse unmixing with USGS library; and (f) sparse unmixing with
ASTER library.

been prepared manually for the datasets. This ground truth map
and the ROC curves obtained for each method are presented in
Fig. 39. Note that, as again for the previous real dataset exper-
iments, it is not claimed that the presented ground truth map
is perfect. This process is merely conducted to provide quanti-
tative performance assessment, in addition to providing visual
results.
Provided in Table I are the area-under-curve (AUC) val-

ues for each ROC curve obtained in each experiment for each
method. These values provide an overall quantitative evaluation
for the proposed method and the methods used for comparison
purposes.
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Fig. 39. Quantitative performance assessment for Athens. (a) Ground truth
map. (b) ROC curves.

TABLE I
AUC VALUES FOR EACH METHOD AND DATASET

V. CONCLUSION AND FUTURE RESEARCH LINES

Sparse unmixing, supported by the increase of the number
and availability of spectral libraries, has gained much attention
in recent years, mainly because it circumvents the drawbacks
of classic spectral unmixing. However, sparse unmixing has
not been utilized for hyperspectral change detection purposes,
which are important for many applications ranging from envi-
ronmental monitoring to military surveillance. In this work,
sparse unmixing is first explored in the context of change
detection, using a large number of different synthetic and
real datasets, and with multiple spectral libraries. The bene-
fits of using sparse unmixing with spectral libraries for change
detection are revealed, particularly when the library is relat-
able to the data. The proposed approach provides not only
the prominent spectra in the datasets, hence giving informa-
tion about the dataset itself, but also about the change in the
abundances of the spectra, which provides extra information on
the nature of change, instead of only providing the locations
of change as in other methods. The proposed approach also
provides increased change detection performance, especially

when the datasets contain subpixel-level changes. Future stud-
ies may include the incorporation of preprocessing approaches
such as dictionary pruning or methods based on using a priori
information about the data, as well as a more detailed investi-
gation regarding the variability of endmember signatures with
time.
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