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ABSTRACT 

 
Hyperspectral change detection is used in many applications 
ranging from environmental monitoring to city planning and 
military surveillance. Change detection by unmixing has the 
potential of not only providing the locations of the changes, 
but also the nature of the change, and sub-pixel level 
information. Change detection by sparse unmixing using 
spectral libraries, with respect to regular spectral unmixing, 
has the added benefits of circumventing the process of 
endmember extraction and providing specific mission-based 
information. However, sparse unmixing is generally a 
severely ill-conditioned and time-consuming problem. 
Recently, an approach that aims to identify a subset of 
signatures of the spectral library that contribute most to the 
observed data has been proposed in order to improve the 
conditioning of the problem, hence decreasing computation 
time and enhancing performance. In this work, sparse 
unmixing with dictionary pruning is explored for change 
detection in multi-temporal hyperspectral images. 
Experimental results validate the performance of the 
proposed approach. 
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1. INTRODUCTION 

 
Change detection is defined as the process of detecting the 
variations in a given scene, due to time or as a result of a 
specific event, from multi-temporal datasets acquired from 
the same scene. Hyperspectral change detection is now used 
for many applications such as monitoring the effects of 
natural disasters, precision agriculture, urban planning and 
detection of military targets [1]. 

Many change detection methods exist in the literature. 
Chronochrome (CC) aims to construct a linear 
transformation between the two temporal datasets using joint 
second-order statistics [2]. Covariance equalization  
(CE) aims to find the transformation using whitening and 
without using the cross-covariance matrix, in order to reduce 
sensitivity to registration errors [3]. Hyperbolic anomaly 
change detector (HACD) combines these methods in a 

general framework, with an added anomalous change 
detection step [4]. Iteratively reweighted multivariate 
alteration detection (IR-MAD) relies on canonical variants 
to detect the variations between the temporal datasets [5].  

However, these methods operate on pixel-level, and 
hence do not provide sub-pixel information. They also 
operate with the aim of providing only the location of the 
significant variations between the datasets, without 
providing information on the nature of the change. Spectral 
unmixing is the process of representing the pixels of a 
hyperspectral image in terms of pure spectral signatures, 
called endmembers, and their corresponding fractional 
abundances within the pixel [6]. Spectral unmixing is an 
active research topic, with a wide range of methods 
proposed for each step of the unmixing chain [7]. Spectral 
unmixing, when used for change detection in multi-temporal 
hyperspectral images, provides easy to interpret sub-pixel 
level information on the nature of the change, in terms of 
endmembers and abundances. A general change detection by 
spectral unmixing framework is introduced in [8], sub-pixel 
level change detection by spectral unmixing is showcased in 
[9], and change detection by unmixing for land-cover 
mapping is studied in [10]. However, these studies only 
scratched the surface of the many advantages that can be 
gained through change detection by unmixing. In a recent 
paper, we examined in detail the use of unmixing techniques 
for hyperspectral change detection and discussed the sub-
pixel level information on the nature of the change that can 
be gained through experimental studies on synthetic and real 
multi-temporal datasets [11]. 

Even though spectral unmixing is a powerful tool, 
detecting the dimensionality of the data can be challenging 
in some cases, and the extracted endmembers are prone to 
vary based on the extraction algorithm. This situation, and 
the increase in the availability of spectral libraries, has led to 
an increase in the interest of sparse unmixing, which aims to 
represent the pixels of a hyperspectral image as 
combinations of an optimal subset of spectral signatures 
from a library available a priori [12]. In a recent work, we 
utilized sparse unmixing via variable splitting augmented 
Lagrangian and total variation (SUnSAL-TV) [13], which 
includes spatial processing by TV regularization into the 



sparse unmixing by SUnSAL [14], for change detection in 
multi-temporal hyperspectral images [15]. The approach 
provided increased change detection performance with 
respect to conventional methods, especially when there are 
sub-pixel level variations, while also providing information 
on the nature of the change [15]. 

While sparse unmixing has many advantages, it is also an 
ill-conditioned and time-consuming problem, due to the high 
similarity of the signatures in the spectral library, and the 
large size and high coherence of the libraries. In a recent 
paper, the fact that hyperspectral images may be represented 
in a lower dimensional subspace (with small information 
loss), is used to identify a subset of the spectral library [16]. 
Using the subset of the spectral library with sparse unmixing 
in turn improves the conditioning of the problem, decreases 
the computation time, and enhances the performance [16]. In 
this paper, the dictionary pruning approach is used in 
conjunction with sparse unmixing for change detection in 
multi-temporal hyperspectral images to achieve reduced 
computation time and enhanced change detection 
performance. 

The remainder of the paper is organized as follows. 
Section 2 describes the proposed methodology. 
Experimental results for synthetic and real datasets are 
provided in Section 3, and Section 4, respectively. Section 5 
concludes the paper with possible future research lines. 
 

2. METHODOLOGY 

 
Before dictionary pruning, the spectral library requires 

some preprocessing steps to match the data. In this work, for 
this purpose, first the number of spectral bands of the 
signatures in the library are reduced to the number of bands 
of the hyperspectral data sets. This reduction is done for 
each signature in the library by selecting the spectral bands 
with the wavelengths that most closely match the 
wavelengths of the spectral bands of the hyperspectral 
images, in a nearest neighbor manner. Then, the resulting 
signatures are smoothed by a Gaussian filter to get rid of any 
discontinuities. After these processing steps, dictionary 
pruning is applied to the spectral library, as follows: 
1) The subspace dimensionality of the data is estimated. In 
this work, as in [16], hyperspectral subspace identification 
by minimum error (HySime) [17] is used for this step. In this 
work, the dimensionality is estimated from the whole multi-
temporal hyperspectral datasets acquired from a scene, in 
conjunction, instead of from each temporal dataset 
separately. For this purpose, temporal hyperspectral images 
are spatially merged into a single data stack. The reason for 
this will be explained in short due. 
2) The signatures in the spectral library are orthogonally 
projected to the eigenvectors of the detected subspace. 

3) A projection error is computed for each spectral signature 
in the library. In this work, as in [16], normalized Euclidian 
distance is used for error calculation. 
4) A subset of the spectral library is selected, based on 
projection error. In [16], a threshold is used to detect which 
signatures will be selected. Due to the variability of the 
errors, in this work a percentage is used. In other words, a 
percentage of the library, e.g. 25%, is retained, starting from 
the signature with the least projection error, and ascending. 
Note that in theory, the signatures that match the real 
endmembers in the data should have null projection error. 
But this assumption rarely, if ever, holds for real data.   

After the dictionary pruning, sparse unmixing is applied 
to whole multi-temporal hyperspectral dataset, with the 
pruned library. This ensures that the sparse solutions do not 
vary greatly for the temporal datasets. SUnSAL-TV is 
selected as the sparse unmixing method. The two 
regularization parameters, λ and λTV of SUnSAL-TV have 
been selected experimentally as 0.0001, and 0.03, 
respectively, throughout all the experiments in this work. 
The maximum number of iterations was fixed to 200. The 
reader is referred to [13] for information on SUnSAL-TV. 

After sparse unmixing with SUnSAL-TV, the resulting 
sparse solution is spatially divided and assigned into 
corresponding temporal datasets. As a result, for each 
temporal dataset, the prominent spectra of the library and 
their corresponding abundances for each pixel are obtained. 
Then, a change map can be calculated for each library 
signature by a simple differencing operation between the 
abundance maps obtained for that signature for each 
temporal dataset. This, in turn, provides information about 
how each material has varied in the scene, i.e. information 
about the nature of the changes. A final overall change map 
can be calculated by the summation of the change maps 
obtained for each library spectra. 
 

3. EXPERIMENTS WITH SYNTHETIC DATA 

 
The ROSIS Pavia University data is used to synthesize 

the multi-temporal dataset used in our experiments. The 
spatial resolution of the dataset is 1.3 meters, and the 
spectral resolution is 4 nm. The temporal datasets have 120 
× 70 pixels and 103 spectral bands. The first temporal 
dataset belongs to the area around the metal building in the 
scene, and a second synthetic temporal dataset is simulated 
by modifying the abundances of the vegetation regions 
between the parts of the building to dirt. Diagonally the 
upper parts are modified more, and the lower parts less. 
RGB images of the temporal datasets are provided in Fig. 1.  

Additive Gaussian white noise with 30dB signal to noise 
ratio (SNR) is added to each temporal dataset, before 
processing. Two different spectral libraries are used in the 



analysis, the first of which contains 310 vegetation and man-
made material signatures from the U.S. Geological Survey 
(USGS) spectral library. The second spectral library 
contains 87 vegetation, soil, and man-made material 
signatures from the Advanced Spaceborne Thermal 
Emission and Reflection Radiometer (ASTER) spectral 
library. The abundances obtained by the proposed approach, 
are presented in Fig. 2 for the two spectral libraries. 25 % of 
the library size is retained after pruning. The sparseness can 
be observed from the abundance maps. The final change 
maps obtained by the proposed approach, with and without 
the pruning step, are presented in Fig. 3. It can be observed 
that using the pruned libraries reveals the slight changes at 
the bottom of the image with higher accuracy. ROC curves, 
based on a manually prepared ground truth map, are 
provided in Fig. 4. Also provided are the ROC curves when 
dictionary pruning is not used, or when the conventional 
methods of SAD, CC, HACD or IR-MAD are used. The 
proposed approach provides the best performance, with both 
spectral libraries. The other methods generally provide 
noisier change maps, and miss the subpixel level variations.  

 

     
Fig. 1. RGB images for the synthetic data 
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Fig. 2. Abundances obtained by the proposed approach for the 
synthetic data with the (a) USGS library, (b) ASTER library 

 

    
(a) (b) (c) (d) 

Fig. 3. Final change maps obtained by the proposed approach with 

the (a) USGS library, (b) ASTER library, (c) USGS library by 

pruning, (d) ASTER library by pruning 

 
Fig. 4. ROC curves for the synthetic data 

 

For this dataset, with the 25% dictionary pruning, the 
processing times were reduced on average from 421s to 96s 
with the USGS library, and from 120s to 27s with the 
ASTER library, on MATLAB platform with Intel® i7-
4700HQ CPU @ 2.40GHz processor and 16GB RAM.  
 

4. EXPERIMENTS WITH REAL DATA 

 
For the experiments with real data, two AVIRIS images 

from the New Orleans area, acquired in the dates of 

September 2010 and October 2011, are used. RGB images 

of the temporal datasets are provided in Fig. 5. 

The first spectral library contains 224 vegetation and 

volatiles signatures from the USGS spectral library, whereas 

the second spectral library contains 52 water/snow/ice, 

vegetation and soil signatures from the ASTER spectral 

library. 25 % of the library size is retained after pruning. 
The abundances obtained by the proposed approach, using 

either spectral library, is provided in Figs. 6. The final 

overall change maps, obtained by the proposed approach 

and with the conventional methods are provided in Fig. 7. 
The change maps obtained with the proposed approach are 
strongly consistent with the actual changes in the scene. For 
this dataset, with pruning, the processing times were reduced 
on average from 5430s to 1140s with the USGS library, and 
from 1370s to 290s with the ASTER library. 

 

  
(a) (b) 

Fig. 5. RGB images for the real data, (a) Sep. 2010, (b) Oct. 2011 
 

  
  

Fig. 6. Abundances obtained by the proposed approach for the real 
data with the (a) USGS library, (b) ASTER library 



   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 7. Final change maps for the real data by (a) SAD, (b) CC, (c) 

HACD, (d) IR-MAD, (e) Proposed with USGS library, (f) 

Proposed with ASTER library 

 
5. CONCLUSIONS 

 
Sparse unmixing, due to its power and the increase in the 
availability of spectral libraries, has gained much interest in 
recent years. However, sparse unmixing is an ill-conditioned 
and time-consuming problem. Recently, a dictionary pruning 
approach has been proposed to solve this drawback. In this 
work, sparse unmixing (with an added dictionary pruning 
process) is utilized for change detection in multi-temporal 
hyperspectral images, with multiple spectral libraries. 
Change detection by sparse unmixing provides enhanced 
performance, especially when the multi-temporal datasets 
contain subpixel level changes. Dictionary pruning, in turn, 
decreases computation times and enhances the results further 
by improving the conditioning of the problem. Future studies 
may include an exploration into the variability of 
endmember signatures through time, or the using a priori 
information about the data to enhance the performance. 
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