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Abstract—Sparse unmixing assumes that each observed signature of a hyperspectral image is a linear combination of only a 
few spectra (endmembers) in an available spectral library. It then estimates the fractional abundances of these 
endmembers(materials) in the scene. Sparse unmixing problem still remains a great difficulty due to the usually high 
correlation of the spectral library. Under such circumstances, this paper presents a novel greedy algorithm  for sparse 
unmixing of hyperspectral data.This algorithm has low computational complexity of getting an approximate solution for the 
l0 problem directly and can exploit the joint sparsity among all the pixels in the hyperspectral data. Besides, the combination 
of forward greedy step and backward greedy step makes this algorithm more stable and less likely to be trapped into the 
local optimum than the conventional greedy algorithms. Furthermore, when updating the solution in each iteration, a 
regularizer that enforces the spatial-contextual coherence within the hyperspectral image is considered to make the algorithm 
more effective.Experimental results on both synthetic data and real data demonstrate the effectiveness of the proposed 
algorithm. 
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I. INTRODUCTION 
 
 Modern spaceborne and airborne hyperspectral 
sensors measure the reflectance of the Earth’s surface 
at hundreds of contiguous narrow bands [1], which 
results in hyperspectral image cubes with two spatial 
and one spectral dimension (see Fig. 1). Each pixel of 
a hyperspectal image is a vector that represents a 
spectral signature measured by the sensor. Due to low 
spatial resolution of the sensors and multiple 
scatterings,the spectra at a pixel is usually a mixture 
of multiple pure spectra (endmemebrs), 
corresponding to different materials on the 
ground.Hyperspectral unmixing aims at identifying 
the endmembers in a mixed pixel and computing their 
fractional abundances (i.e. their proportion in the 
pixel).Unmxing of the hyperspectral images is 
considered a major challenge in remote sensing data 
analysis. 

 
 
II. PROBLEM STATEMENT 
 
Hyperspectral unmixing which aims at identifying the 
constituent spectra (endmembers) and estimating 
their corresponding fractions (abundances) remains a  

 
great challenging task underlying many hyperspectral 
imagery applications [1]. As the linear unmixing 
model can be implemented easily and flexibly in 
different applications, it has been widely used for 
spectral unmixing [2]. This model assumes that each 
mixed pixel is a linear combination of endmembers 
weighted by their corresponding abundance fractions. 
Early unmixing approaches based on geometry 
,statistics  and nonnegative matrix factorization 
(NMF) extract endmembers merely from the 
hyperspectral data. However, some of these methods  
could extract virtual endmembers with no physical 
meaning and others assume the presence in the data 
of at least one pure pixel per endmember, which is 
usually difficult to guarantee. 
 
Three kinds of methods are usually adopted to tackle 
the sparse unmixing problem, namely greedy 
algorithms, convex relaxation methods and sparse 
Bayesian methods.The main idea of greedy 
algorithms is to solve heuristic of making the locally 
optimal choice at each stage with the hope of finding 
a global optimum. Specifically, greedy algorithms 
iteratively refine a sparse solution by successively 
identifying one or more potential endmembers from 
the spectral library that make the greatest 
improvement in reconstructing the mixed pixel. A 
major flaw of a greedy strategy is that it can never 
correct mistake made in the earlier steps, which 
means it could not produce an optimal solution for 
some problems. Nonetheless, it is able to yield locally 
optimal solutions that approximate a global optimal 
solution in reasonable time without smoothing the l0 
norm. Orthogonal matching pursuit (OMP), a typical 
greedy algorithm, has been utilized to solve the 
sparse unmixing problem in , but the high correlation 
of the spectral library blocks it from getting the 
optimal sparse solution. Convex relaxation methods 
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replace the non-smooth l0 norm with the l1 norm, thus 
yielding convex optimization problems that admit 
tractable algorithm. As the l1 norm is the closet 
convex function to the l0 norm, the replacement is 
quite natural. It is worth mentioning that there is also 
some work relaxing the l0 norm to the lp norm where 
0 < p < 1 [3]. Though the lp norm is closer to the l0 
norm than the l1 norm, it leads to a non-convex 
problem. As a result, the problem is computationally 
complex to solve and we can only obtain a 
suboptimal solution for it. Convex relaxation methods 
are more sophisticated than the greedy algorithms as 
they obtain the global solution of a well-defined 
optimization problem. However, convex relaxation 
methods cannot control the sparsity of the solution 
directly (unlike the greedy algorithms) and are more 
complicated than the greedy algorithms. Several 
efficient convex relaxation methods have been 
proposed to solve the sparse unmixing problem based 
on the alternating direction method of multipliers 
(ADMM) which can decompose a difficult problem 
into a sequence of simpler ones.  
 
The sparse Bayesian methods [4] have been applied 
to the sparse unmixing problem recently.Sparse 
unmixing is formulated as a hierarchical Bayesian 
inference problem and priors for the model 
parameters and hyperparameters are selected to 
ensure the nonnegativity and sparsity of the 
abundances’ vector. Then an iterative scheme termed 
Bayesian inference iterative conditional expectations 
(BI-ICE) is proposed to identify the maximum a 
posteriori estimation of the parameters. The BI-ICE 
algorithm can provide the sparse solution without 
necessarily tuning any parameters. However, it is 
much more computationally expensive than the 
greedy algorithms and convex relaxation methods. 
Besides, since the noise in the hyperspectral images is 
usually correlated, the assumption in the BI-ICE 
model that the additive noise is a zero-mean Gaussian 
distributed random vector, with independent and 
identically distributed (i.i.d.) elements, could be 
violated. Most recently, efforts have been paid to 
exploit the spatial-contextual information within the 
hyperspectral image and joint sparsity among all the 
pixels  and combine them into the convex relaxation 
methods to obtain a much better result. 
 
III. PROPOSED ALGORITHM 
 
 In this paper,this algorithm based on the forward-
backward algorithm proposed in [5] which has the 
advantages of both the forward and backward greedy 
algorithms. Specifically, as backward steps are 
carried out in each iteration to remove any errors 
caused by the earlier forward steps and avoid 
maintaining a large number of potential endmembers, 
this algorithm can alleviate the drawback of classical 
greedy algorithms such as OMP that they cannot 
correct mistakes made in the earlier steps and thus are 

prone to be trapped into local optimum. Moreover, 
inspired by the SOMP algorithm, this algorithm also 
deals with the whole hyperspectral data 
simultaneously rather than processes each pixel 
individually. Thus, it can exploit the joint sparsity 
among all the pixels in the hyperspectral data to 
alleviate the difficulty brought by the usually high 
correlation of the spectral library. 
As mentioned above, a regularizer that enforces 
spatial-contextual coherence within the hyperspectral 
image is considered when updating the solution in the 
proposed algorithm. Thus, this algorithm can further 
use the spatial contextual information in the 
hyperspectral image to select the actual endmembers 
more accurately. Theoretical results are presented to 
analyze the convergence and computational 
complexity of the proposed algorithm. 
  
IV. EXPERIMENT 
 
 In this section, we use both synthetic data and real-
world data to test the performance of the proposed 
algorithm. We also explore whether the backward 
step, joint sparsity and spatial-contextual coherence 
regularizer are beneficial to the proposed algorithm in 
the synthetic experiment by comparing this algorithm 
with its special cases. 
 
A. EVALUATION WITH SYNTHETIC       DATA 
 
In the synthetic data experiment, we evaluate the 
performances of the sparse unmixing algorithms in 
situations of different noise types, different signal-to-
noise ratios of noise and different endmember 
numbers. The root mean square error (RMSE) is used 
to evaluate the abundance estimations. The mean 
value of all the endmembers’ RMSEs will be 
computed. Generally speaking, the smaller the RMSE 
is, the more the estimation approximates the truth. 
The synthetic hyperspectral image we used is 
homogeneous with rich spatial-contextual 
information. The Chapter 1 of the United States 
Geological Survey (USGS) digital spectral library 
(splib06a) is used in this experiment. The reflectance 
values of 498 materials are measured for 224 spectral 
bands distributed uniformly in the interval 0.4-025 
µm. Fifteen spectral signatures are chosen from the 
library to generate our synthetic data. Fig. 2 shows 
five example endmember signatures used for all the 
following experiments. The other ten endmembers 
that are not displayed in the figure include 
Neodymium Oxide GDS34, Monazite HS255.3B, 
Samarium Oxide GDS36, Pigeonite HS199.3B, 
Meionite WS700.HLsep, Spodumene HS210.3B, 
Labradorite HS17.3B, Grossular WS484, Zoisite 
HS347.3B and Wollastonite HS348.3B, which are 
used to evaluate the performances of the sparse 
unmixing algorithms in situations of different 
endmember numbers. 
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Fig. 2. Five example spectral signatures from the USGS used in 

our synthetic data experiments. The title of each subimage 
denotes the mineral corresponding to the signature. 

 
B. EVALUATION WITH REAL DATA 1 
 
Now, test the validity of the proposed algorithm on 
the real data. As the true abundance maps of the real-
world data are not available, we resort to the 
classification maps of the real hyperspectral image to 
make a qualitative analysis. For visual comparison, 
we display the abundances estimated by SOMP, 
SSP,proposed algorithm and SUnSAL-TV.Besides, 
we also report the sparsity of solution and the 
reconstruction error of the hyperspectral image 
obtained by each algorithm. Specifically, the sparsity 
is obtained by calculating the average number of 
nonzero entries larger than 0.001 as nonzero 
abundances to avoid counting negligible values. The 
reconstruction error is calculated using the original 
hyperspectral image and the one reconstructed by the 
actual endmembers and their corresponding 
abundances. The actual endmembers in the 
hyperspectral image can be known from the 
literatures. The reconstruction error calculated in this 
way can roughly evaluate the abundance estimation 
for the actual endmembers when no ground-truth is 
available. It can be quantified by the RMSE between 
the original hyperspectral image and the 
reconstructed one. The mean value of the RMSEs 
corresponding to all the bands will be computed. All 
the algorithms have been tuned to their best 
performances. If a sparse unmixing algorithm can get 
a sparse solution as well as low reconstruction error, 
it means that this algorithm can use the actual 
endmembers to explain the data effectively. The first 
data set we used is the well-known AVIRIS Cuprite 
data set3. In our experiment, we use a 350×350 
pixels subset with 188 spectral bands (low-SNR 
bands are removed). The spectral library used here is 
still the Chapter 1 of the USGS spectral library 
(contains 498 minerals) with the corresponding bands 
removed. The minerals map4 which was produced by 
a Tricorder 3.3 software product is shown in Fig. 2. 

Note that the Tricorder map was produced in 1995, 
but the publicly available AVIRIS Cuprite data were 
collected in 1997. Thus, we only adopt the minerals 
map as a reference to make a qualitative analysis of 
the performances of different sparse unmixing 
methods. 

 
Fig. 3. USGS map showing the distribution of different 

minerals in the Cuprite mining district in Nevada. 
 
V. RESULTS 
  

 
Fig. 4. The fractional abundance maps estimated by the 
proposed algorithm for the 350 × 350 pixels subset of the 

AVIRIS Cuprite scene. From top row to bottom row are the 
maps produced or estimated by Tricorder software,  (p = ∞),  
(p = 2) respectively. From left column to right column are the 

maps corresponding to Alunite, Buddingtonite and 
Chalcedony, respectively. 

 
CONCLUSION 
 
In this paper, we propose a novel algorithm for sparse 
unmixing of hyperspectral data. The main idea of the 
proposed algorithm is the combination of forward 
greedy algorithm and backward greedy algorithm as 
well as considering several characteristics of the 
hyperspectral data. Experiments on both synthetic 
data and real data demonstrate the effectiveness of 
this algorithm. Besides, we also demonstrate that the 
sub-library obtained by RSFoBa can serve as input 
for any other sparse unmixing algorithms, making 
them more accurate and time-efficient. 
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