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1 Abstract

Linear Spectral Unmixing (LSU) is the widely used technique in the field of Remote Sensing
(RS). It is used for the accurate estimation of the number of materials present in the scene, their
proportion and spectral signatures. Large data size, poor spatial resolution, non-availability of
pure endmember signatures, mixing of materials at various scales and variability in spectral sig-
nature makes LSU a challenging and inverse-ill posed task. There are three basic approaches to
manage the LSU problem: (1) Geometrical, (2) Statistical and (3) Sparse Regression (SR). Geo-
metrical and Statistical approaches are Blind Source Separation (BSS) techniques. They assumes
the availability of only hyperspectral data cube. Literature suggests that Vertex Component Analy-
sis (VCA) and Nonnegative Matrix Factorization (NMF) are prominent solutions for LSU problem
as Blind Source Separator. Spare Regression assumes the availability of spectral libraries along
with hyperspectral data cube. In SR approach, the problem of LSU is simplified to find the optimal
subset of spectral signatures from the spectral library known in advance. USGS and ASTER are
publically available spectral libraries, which make SR approach as prominent technique for LSU.
Spectral Unmixing using variable Splitting Augmented Lagrangian (SUnSAL) is a basic approach
to sparse regression.

Main contribution of the thesis constitutes following: (a) Consideration of existence of few
materials out of many present in the spectral library (via line sparsity) along with spatial reg-
ularization, makes our approach more powerful. (b) Our proposed work automatically extracts
required dominant endmembers from HSI. Our hybrid algorithm exploits advantages of our pro-
posed (CSUnSAL-TV) and HySime algorithms. In addition, we have addressed (i) Application of
LSU, an anomaly detection, using VCA algorithm and multi-temporal hyperspectral images and
(ii) identification of changes in material proportion over the time using multi-temporal hyper spec-
tral images via SUnSUL. Number of experiments have been performed on synthetic data cubes as
well as on real HSI to validate our contribution.

2 Brief description on the state of art

Hyperspectral camera measures the electromagnetic radiation at more than 200 narrow and con-
tiguous bands in their instantaneous field of view (IFOV). Three dimensional image captured by
hyperspectral camera (HSC) has two spatial and one spectral dimension. Spectral dimension cov-
ers the visible, near-infrared, and shortwave infrared spectral bands of electromagnetic spectrum
with very high spectral resolution of 10nm [1],[2]. The plot of measured reflectance from a mate-
rial verses wavelength is known as spectral signature, which will be useful to uniquely characterize



2 Contents

and identify the material. Spectral sensing, done by hyperspectral sensors, contains far more infor-
mation than capture by human eyes. A pixel in HSI roughly covers 100m2 on ground for typical
hyperspectral sensor. The spatial resolution of image depends on the altitude of the camera . Due
to such extremely very poor spatial resolution, it is possible that one pixel may contain more than
one material. The number of materials present in one pixel is known as endmembers and pro-
portion of each endmembers in pixel is known as abundance. In a decade, researchers have tried
to explore the remotely sensed hyperspectral data in various field like dimensionality reduction,
atmospheric correction, image compression, classification of image and unmixing [1]. Hyperspec-
tral unmixing is the process of accurate estimation of endmembers, their spectral signatures and
fractional abundances [2]. Large data size, atmospheric noise, endmember variability makes Hy-
perspectral unmixing as challenging task[2]. Hyperspectral unmixing plays a significant role in
many application domain such as environment monitoring, urban process and response, tracking
wild fires, detecting biological threats, monitoring oil spills and other types of chemical contami-
nation [3],[4],[5]. Depending on mixing scale at each pixel, observed spectral signature by camera
at each pixel may be either linear or nonlinear mixing of spectral signatures of substances avail-
able in corresponding pixel. A linear mixing model is considered by ignoring microscopic mixing
of spectral signatures and assuming negligible interaction among distinct endmember signatures
[4],[5]. For each single pixel of three dimensional hyperspectral data cube, mathematically the
Linear mixing model (LMM) can be expressed as [6].

yi =
p∑
j=1

mijxj + ni (1)

where, the subscript i represents the spectral band number and subscript j represents the endmem-
ber number from endmember matrix M . The length of observed vector y is L, i.e., i = 1, 2, ..., L

and number of endmembers in endmember matrix are p, i.e. j = 1, 2, . . . , p. represents the re-
flectance at spectral band i of jth endmember, the fractional proportion of jth endmember in a
pixel is given by xj . ni represents the error term for the spectral band i. In general, mathematically
LMM can be written in compact matrix form as

Y =MX + n (2)

Where, Y ∈ RL is a observed spectral vector, M ∈ RL×p is endmember matrix containing p pure
spectral signatures of length L, X ∈ Rp is fractional abundances of the endmembers for a given
pixel, and n ∈ RL is the errors affecting the measurements at each spectral band [6]. The value
of fractional abundance is always nonnegative, lie in the range of 0 to 1 and sum of its values
for single pixel is always one. These are known as abundance non-negativity constraint (ANC)
abundance sum-to-one constraint (ASC)[7].

In recent years, a number of algorithms have been developed for endmember extraction from
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HSI. Pixel Purity Index(PPI)algorithm [8],[9] is most popular and oldest technique of spectral
unmixing. Later algorithm based on volume formed by simplex is proposed[10]for endmember
extractions. The idea is to find a simplex of the maximum volume with a p number of vertices[11].

Vertex Component Analysis (VCA)[12] is fully automatic method of Blind Source Separation
(BSS). As per convex geometry, any point inside simplex can be represented as a linear combi-
nation of vertices of simplex and affine transformation of a simplex set also results in a simplex
set [13]. Pixel is considered as point in L-dimensional space. The spectral vectors of an observed
image are projected iteratively by VCA algorithm onto the direction orthogonal to the subspace
spanned by the endmembers already determined. The algorithm runs until all endmembers are
identified. The set of all pixels in p − 1 dimensional is simplex. The simplex is projected on a
(p − 1) dimensional subspace, defined by a mixture of p endmembers. Projected data set is also
simplex whose vertices are the spectral signatures of pure materials present in image i.e. endmem-
bers spectral signatures. VCA works well for both with and without dimensionality reduction of
data cube. Computational complexity of the VCA algorithm is substantially less as compared to
the best available methods of geometrical approach for LSU [12].

A new technique known as Nonnegative Matrix Factorization(NMF) is used to decompose the
observed data into two non negative matrices [6]. Out of these two one is endmember matrix
and second is abundance maps for materials present in scene. Several version of NMF with some
additional constraints is available as Blind source separator [15],[16].

Recently, due to easy availability of libraries like USGS and ASTER, researchers have tried
to represent a spectral signature of mixed pixel as a linear combination of few signatures avail-
able in advance in spectral library [7]. For research work, two standard hyperspectral libraries are
available publically, namely United States Geological Survey (USGS)[17] and NASA’s Jet Propul-
sion Laboratory Advance Spaceborne Thermal Emission and Reflection Radiometer (ASTER)[18].
USGS contains 1300 spectral signatures of minerals and ASTER contains 2400 spectra of natural
and manmade materials. Due to large size of spectral library, abundance maps of all materials
present in library is highly sparse for given scene. When LSU is approached using spectral li-
braries, the abundance estimation step no longer depends on availability of pure spectral signature
in input data nor on the capacity of endmembers extraction algorithm to identify such pure spectral
signatures[7].

To solve this LSU problem, Sparse Unmixing by variable Splitting and Augmented Lagrangian
(SUnSAL)[19], which has simplified the mathematical complexity using ADMM and Augmented
Lagrangian. In [20] spatial information of hyperspectral image is exploited for the SU, which give
much better performance compared SUnSAL.



4 Contents

3 Research Gaps

As per the literature discussed in the previous section the research gaps has been identified as
follow:

[1] Sparse regression based algorithm assumes the availability of spectral libraries and it esti-
mates the fractional abundance map for all the materials present in the library. Normally
library contains more than thousand spectral signatures. So identification of fractional abun-
dance map becomes time consuming and complex task. As per literature survey, Number
of endmembers are estimated by HySime Algorithm and SUnSAL estimates the fractional
abundance map of all the materials whose spectral signatures are available in library. There
should be some standard mechanism for automatic detection of dominant endmembers from
spectral library and their abundance map.

[2] Performance of endmember extraction algorithm is evaluated and comparative analysis is
done with synthetically generated hyperspectral images as well as real data. Literature rarely
discusses about the specific application of unmixing algorithm.

[3] Performance of recently proposed sparse unmixing algorithms like SUnSAL and SUnSAL-
TV could be improved by incorporating collaborative approach.

4 Problem Statement

Hyperspectral Camera (HSC) is generally mounted on satellite or on airborne vehicle. Spatial Res-
olution of images taken by hyperspectral camera is poor. A single pixel of HSI may contain more
than one materials. With normal images it is not possible to determine the number of endmembers,
their spectral signatures and their fractional abundances. By assuming Linear Mixing Model for
HSI formation, the problem of LSU is defined as follow.

"Given only hyperspectral data cube, determine the number of materials present in image,
known as endmembers, their spectral signatures and their proportion, known as abundance map".

5 Objective and Scope of work

Objective is to explore the spatial and spectral characteristics of hyperspectral image for filling
the identified research gaps. The main objective is to incorporate the concept of line sparsity with
Total Variation (TV) to achieve more powerful spectral unmixing algorithm.

The scope of work includes,

[1] Improvement in the knowledge of different approaches of spectral unmixing.
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[2] Evaluation of the performance of existing algorithms and perform one or two application of
spectral unmixing using existing and proposed algorithm.

[3] Acquisition of the knowledge about spectral libraries used for sparse unmixing.

[4] Development of methodology for automatic extraction of dominant materials present in
scene.

[5] Improvement of existing algorithm by incorporating constraints of HSI.

6 Original Contribution by Thesis

Our contribution by this thesis has been presented as follows.

[1] Performance analysis of basic spectral unmixing algorithms and demonstration of the appli-
cation of anomaly detection using VCA algorithm.

[2] Development of new algorithm known as Collaborative Sparse Unmixing and variable Split-
ting and Augmented Lagrangian with Total Variation(CSUnSAL-TV).

[3] Implementation of the application of Change Detection using multi-temporal hyperspectral
images using SUnSAL.

[4] Proposal of new mechanism for automatic extraction of dominant endmembers from HSI
using HySime and CSUnSAL-TV.

7 Methodology of research, results and Discussion

7.1 Anomaly detection using Vertex Component Analysis(VCA)

Anomaly is defined as unwanted item present in the scene. In this section anomaly detection using
VCA algorithm, discussed superficially in section II, is discussed and verified for multi-temporal
synthetic hyperspectral Data Cubes (DCs). ADC#1 of size 5×5 is generated as per Linear Mixing
Model (LMM) using available selected spectral signatures and manually generated abundance map
as shown in figure 1 (b). DC#2 is generated by adding anomaly as spectral signature of unknown
material in pixel numbers 15, 19, 20, 24 and 25. Pixel number 19 is pure pixel for added anomaly.
Vertices of simplex are the pure materials present in the image. Any point inside simplex can be
represented as linear combination of vertices of simplex [13]. VCA algorithm is performed on
these data cubs. Figure 1 (d) and (e) shows (p− 1) dimensional representation of all pixels, where
p is the number of endmembers present in image.
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FIGURE 1: (a) Pixels arrangement of 5 × 5 synthetic DC (b) Original synthetic
DC#1 without anomaly ( pixel number 16 , 2 and 4 are pure pixels corresponds
to material 1,2 and 3 (c) Synthetic DC#2 with anomaly (d) 2-Dimensional repre-

sentation of DC#1 (e) 3-Dimensional representation of DC#2.

Figure 1(d) shows the volume formed by all pixels of DC#1 is triangle and is simplex in
2−D. Here, three vertices of triangle represent that there are only three materials present in scene.
Figure 1(e) shows the volume formed by all pixels of DC#2 is tetragonal and is simplex in 3-D.
Means four materials present in area under observation. User can determine the type of anomaly
after correlating extracted spectral signature with recorded signatures on earth surface with spectro
radiometer present in library.

7.2 Proposed Collaborative Sparse Unmixing using Variable Spiting and
augmented lagrangian with Total Variation (CSUnSAL-TV)

In Sparse Unmixing (SU) endmembers are not extracted from hyperspectral data cube to solve
LSU problem but endmembers are selected from spectral library containing large number of spec-
tral samples available in advance. For sparse unmixing searching operation is conducted in a
potentially very large library denoted by A ∈ RL×m, where L is the number of bands and m is the
number of endmembers in the library. Number of materials available in the library are much larger
than number of bands. With this assumption in mind, let x ∈ Rm denote the fraction abundance
vector for given pixel related to the spectral libraryA. Let us assume that outmmaterials available
in A, less than k materials are present in the scene. The fractional abundance vector for a single
pixel, yij , can be expressed as k-sparse vector because most of component of vector are zero.
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FIGURE 2: Illustration of a mixing model with sparse prior

The problem of LSU is now considered as semi-blind approach under the assumption that the
observed spectral signature can be represented as linear combination of pure spectral signatures
available in library.

As shown in figure 2, given spectral signature of single pixel, denoted by y, and spectral library,
denoted byA, the estimated values for abundance vector, denoted by x, is the solution of following
optimization problem.

min
x

1

2
‖Ax− y‖2F + λ ‖x‖1 (3)

FIGURE 3: A graphical representation to illustrate the concept of sparse abundance
map with respect to Spectral library
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If we extent sparse regression approach for captured image Y then optimization problem is
modified as

min
X

1

2
‖AX − Y ‖2F + λ ‖X‖1 (4)

With ANC constraint, we can now write our SR problem as follows

min
X

1

2
‖AX − Y ‖2F + λ ‖X‖1 + lR+(X) (5)

Where lR+(X) =
∑n
i=1 lR+(xi) is the indicator function xi represents the ith column of X and

lR+(xi) is zero if xi belongs to the nonnegative orthant and +∞ otherwise) [12].
Using variable spiting the objective function is modified as

min
U,V1,V2,V3

1
2
‖V1 − Y ‖2F + λ ‖V2‖1 + lR+(V3)

subject to V1 = AU, V2 = U, V3 = U
(6)

Using Augmented lagrangian the optimization problem is solved. The expansion of Aug-
mented Lagrangian is

L(U,V1,V2,V3,D1,D2,D3) =
1
2
‖V1 − Y ‖2F + λ ‖V2‖1 + lR+(V3) +

µ
2
‖AU − V1 −D1‖2F

+µ
2
‖U − V2 −D2‖2F + µ

2
‖U − V3 −D3‖2F

(7)
The SUnSAL algorithm optimizes the objective function with respect to U , V and then updates

the lagrange multipliers.

Algorithm 1 Pseudo-code for SUnSAL [7][19]
1: Initialization : Set k = 0 ,choose u > 0, U (0) > 0,V (0) > 0 and D(0) > 0.
2: Repeat :
3: Uk+1= (ATA+ 2I)−1(AT(V(k)

1 +D
(k)
1 ) + (V(k)

2 +D
(k)
2 ) + (V(k)

3 +D
(k)
3 )

4: Vk+1
1 = 1

1+µ
[Y+µ(AU(k)−D(k)

1 )]

5: Vk+1
2 = soft((U(k+1)+D

(k)
2 ),λ

µ
)

6: Vk+1
3 = max((U (k) −D(k)

3 ), 0)

7: Dk+1
1 = D

(k)
1 − AUK+1 + V k+1

1

8: Dk+1
2 = D

(k)
2 − UK+1 + V k+1

2

9: Dk+1
3 = D

(k)
3 − UK+1 + V k+1

3

10: Until stopping criteria is satisfied.

To promote the existence of materials within its surrounding pixel the constraint of Total Vari-
ation (TV) is added to the objective function given in eq (7). the modified objective function is
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given as
min
X
‖AX − Y ‖2F + λ ‖X‖1,1 + λTV TV (X), X ≥ 0 (8)

Where the
TV (X) =

∑
{i,j}∈ε

‖xi − xj‖1 (9)

Hyperspectral images cover a large geographic area and usually, it is found that only a few
materials are found from this area, in order of 5 to 10. As we know the spectral libraries contain
signatures of more than thousand materials.

FIGURE 4: Concept of line sparsity of fractional abundances for HSI

As per formulation of sparse regression, the dimension of abundance matrix will be m× N,
where m is the number of materials whose spectral signatures are recorded and available in the
library and N is the number of pixels. It is observed that out of m materials from the library only a
few are present in the scene. So only a few rows of the matrix contain non-zero elements as shown
in Figure 4. So we have added the concepts of line sparsity along with total variation regularization,
which promotes the existence of materials to its neighboring pixels. The line sparsity is indicated
with the use of mixed norm l2,1 [23].

The modified objective function with Total Variation regularization is given by

min
X
‖AX − Y ‖2F + λ ‖X‖2,1 + λTV TV (X), X ≥ 0 (10)

Where the
‖X‖2,1 =

∑m

k=1

∥∥∥xk∥∥∥
1

(11)

xk indicates the kth line of X and positivity of abundance matrix is indicated by X ≥ 0.
The second term is a convex term in our objective function and is called l2,1 norm. It forces the
sparsity along the row of matrix X , means minimum number of nonzero rows[23]. For more detail
regarding TV Regularization please refer[20].The objective function after applying ADMM and
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with use of variable splitting and augmented lagrangian becomes as

min
U,V1,V2,V3,V4,V5

1
2
‖V1 − Y ‖2F + λ ‖V2‖2,1 + λTV TV ‖V4‖1,1 + lR+(V5)

subject to V1 = AU, V2 = U, V3 = U, V4 = HU, V5 = U
(12)

In short objective function can be written as

min
U,V

g(V ) subject to GU +BV = 0 (13)

where, V ≡ (V1,V2,V3,V4,V5)

g(V ) ≡ 1

2
‖V1 − Y ‖2F + λ ‖V2‖2,1 + λTV TV ‖V4‖1,1 + lR+(V5)

The CSUnSAL-TV algorithm optimizes the objective function with respect to U , V and then
updates the Lagrange multipliers .

Algorithm 2 Pseudo-code for the Proposed CSUnSAL-TV
1: Initialization : Set k = 0 ,choose u > 0, U (0) > 0,V (0) > 0 and D(0) > 0.
2: Repeat :
3: Uk+1= (ATA+ 2I)−1(AT(V(k)

1 +D
(k)
1 ) + (V(k)

2 +D
(k)
2 ) + (V(k)

3 +D
(k)
3 ) + (V(k)

4 +D
(k)
4 ) + (V(k)

5 +D
(k)
5 ))

4: Vk+1
1 = 1

1+µ
[Y+µ(AU(k)−D(k)

1 )]

5: Vk+1
2 = vect− soft((U(k+1)+D

(k)
2 ),λ

µ
)

6: V k+1
3 = (HTH+ I)−1(U(k)−D(k)

3 +H(V(k)
4 +D

(k)
4 ))

7: Vk+1
4 = soft((D(k)

4 +HV
(k)
3 ),λTV

µ
)

8: Vk+1
5 = max((U (k) −D(k)

5 ), 0)

9: Dk+1
1 = D

(k)
1 − AUK+1 + V k+1

1

10: Dk+1
2 = D

(k)
2 − UK+1 + V k+1

2

11: Dk+1
3 = D

(k)
3 − UK+1 + V k+1

3

12: Dk+1
4 = D

(k)
4 −HUK+1 + V k+1

4

13: Dk+1
5 = D

(k)
5 − UK+1 + V k+1

5

14: Until stopping criteria is satisfied.

Three synthetic DCs and real cuprite data cube are used for performance evaluation of CSUnSAL-
TV algorithm. The distribution of all endmembers is smooth with a sharp transition.

• Synthetic Data cube 1 (DC#1) of size 35 × 35 is generated using randomly selecting 3

spectral signatures from spectral library A. The fractional abundances generated by synthe-
sis tool HYDRA [21] satisfies the ASC and ANC constraints. In simulation, the random
spectral signature numbers are fixed to [21, 394, 487].. After DC#1 generation, the scene
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is corrupted with low-pass filtering i.i.d. Gaussian noise for four levels of the SNR, i.e., 30
dB,40 dB, 50 dB and 60 dB.

• Synthetic Data cube 2 (DC#2) of size 50 × 50 is generated using randomly selecting 5

spectral signatures from spectral library A and the fractional abundances are taken from
satisfies the ASC and ANC constraints. In simulation, the random spectral signature numbers
are fixed to [21, 176, 394, 419, 487].

• Synthetic Data cube 3 (DC#3) of size 100 × 100 is generated using randomly selecting 9

spectral signatures from spectral library A and the fractional abundances generated by same
synthesis tool, HYDRA. In simulation, the random spectral signature numbers are fixed to
[21, 31, 129, 135, 176, 377, 394, 419, 487].

Simulated results of CSUnSAL-TV is compared with SUnSAL and SUnSAL-TV as shown in
figure 5,6 and 7.

(a) λ = 0.005 and λTV = 0.001 (b) λ = 0.005 and λTV = 0.005

(c) λ = 0.0005 and λTV = 0.001 (d) λ = 0.0005 and λTV = 0.005

FIGURE 5: SRE as a function of SNR for DC#1
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(a) λ = 0.005 and λTV = 0.001 (b) λ = 0.005 and λTV = 0.005

(c) λ = 0.0005 and λTV = 0.001 (d) λ = 0.0005 and λTV = 0.005

FIGURE 6: SRE as a function of SNR for DC#2

(a) λ = 0.005 and λTV = 0.001 (b) λ = 0.005 and λTV = 0.005

(c) λ = 0.0005 and λTV = 0.001 (d) λ = 0.0005 and λTV = 0.005

FIGURE 7: SRE as a function of SNR for DC#3
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7.3 Proposed methodology for automatic extraction of dominant endmem-
ber detection using CSUnSAL-TV and HySime algorithms

CSUnSAL-TV, as discussed in section 7.2, is powerful and less computationally complex algo-
rithm for estimation of abundance map all materials whose spectral signature is available in li-
brary. HySime [22] is well proven and publically available algorithm to determine number of
endmembers,k, present in image.

FIGURE 8: Proposed mechanism for automated extraction of dominant endmembrs
from hyperspectral image using CSUnSAL-TV and HySime
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In this work, we have devised a mechanism for automatic extraction of dominant endmem-
ber’s spectral signatures and their abundances as shown in figure 8. If user is not aware about the
ground truth of given image then manually it is very difficult to determine the materials which are
dominant in given image. In first step, sum of fractional abundance for given image is calculated
for each material present in spectral library. Then abundance map and spectral library are rear-
ranged according to their contribution in image. According to outcome of HySime, first k spectral
signatures and fraction abundances are selected from spectral library and abundance map. Most
of algorithms of geometrical and statistical approaches uses the outcome of HySime to unmix
hyperspectral image.

7.4 Change Detection using multi-temporal hyperspectral images

For Change Detection, we assume that both images are atmospherically corrected and captured by
single camera under the same circumstances. Two images are horizontally concatenated to form
as single image with doubled pixels. Now the sparse unmixing is performed on a single image
to estimate the fractional abundance map. After unmixing estimated fractional abundance map is
separated into fractional abundance maps for original image and changed image.

Synthetically generated multi- temporal Hyperspectral images are used in experiment.The re-
sultant data cubes are then corrupted with Gaussian Noise with different values of SNR. Three
spectral signatures, namely Alunite GDS84 NaO3, Diaspore HS416.3B and Dry long grass AV87-
2, are selected from library database to create hyperspectral data cube.

The subset of the USGS spectral library contains 498 spectral signatures and denoted by A.
Selected Spectral signatures are stored in measurement matrix M. The size of data cube is kept
50×50 and we have assumed that only three materials from the measurement matrix are present in
data cube. To show the variation is scene two sets of abundance map are generated. Figure 9 (a) and
(c) shows the fractional abundance map for DC#1 and DC#2 respectively. Fractional abundance
maps are generated using the spherical Gaussian field as available in the HYDRA package [21].
As per Linear Mixing Model (LMM) for hyperspectral image formation, as discussed in section 2,
DC#1 of size 50× 50× 224 is generated using measurement matrix M and fractional abundance
maps as shown in figure 9(a). In order to generate the data corresponding to different time instant,
we use the same set of endmembers but with different abundances as shown in figure 9(c). Sim-
ilarly another data cube of same size, denoted as DC#2, is generated. DC#1 and DC#2 show
the possible temporal variation in its IFOV of HSC over a given period of time. In sparse unmixing
of hyperspectral data first fractional abundance map of materials are estimated and then spectral
signatures are selected from the spectral library. As shown in fig. (2), each DC is converted into
L × N Matrix, where N is the number of pixels in DC and each column of matrix represents the
spectral signature of corresponding pixel. According to the size of DC, we assume the size of the
abundance map as P ×N matrix. The jth row of abundance map matrix indicates the proportion
of jth material from spectral library in all pixels of scene. Change detection is performed using
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synthetic data cubes (DC#1 and DC#2) and spectral A, as per methodology discussed above.
For change detection using sparse unmixing, two images are horizontally concatenated. Now the
number of pixels will be doubled, 2N, in input image for sparse unmixing process. Now the size
of fractional abundance map X used for sparse unmixing will be P × 2N . Figure 9(b) and (d)
shows the estimated fractional abundance for DC#1 and DC#2. After comparison of estimated
abundance map for both DCs user can know about the changes occur in fractional proportion of
material in the scene.

FIGURE 9: (a)&(c) True Abundance map for DC#1 and DC#2. (b) & (d) Esti-
mated Abundance map for DC#1 and DC#2.

8 Conclusion and future scope

Vertex Component Analysis (VCA) algorithm is a blind source separation technique based on con-
vex geometry. It works on the fact that pure materials are the vertices of the simplex geometry
formed by all the pixels of the scene. Anomaly can be easily detected from hyperspectral im-
age, if quantity of anomaly is in proportion with other dominant materials of geographical area
and multi-temporal images of scene are available. The detected spectral signature of material is
used to determine the type of anomaly and fractional abundance is used to locate the position and
proportion of anomaly.

Recently introduced sparse unmixing is a powerful tool in the field of RS to solve the problem
of LSU due to the availability of libraries. Sparse unmixing neither rely on endmember extraction
algorithms nor require pure pixel in the scene. To improve the performance of sparse unmixing
based algorithm, we have exploited the concept of line sparsity along with the Total Variation
regularization. We have revisited the basic mathematical formulation of sparse unmixing and in-
troduced line sparsity λ2,1 along with a TV regularizer term. A new algorithm called Collaborative
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Sparse Unmixing via variable Splitting Augmented Lagrangian and Total Variation (CSUnSAL-
TV) has been specifically developed. Experimental results prove that the inclusion of line sparsity
with total variation improves the performance of unmixing at the cost of computation complexity.

Sparse Regression based algorithms estimates the fractional abundances for all the materials
whose spectral signatures are present in the library. We need to extract the fractional abundance
map of only dominant endmembers. HySime is a powerful algorithm to estimate the number of
dominant endmembers present in the scene. We have exploited the outcome of both algorithms to
device the new mechanism for extracting fractional abundance maps of only dominant endmem-
bers present in the scene.

In our work we have used the linear mixing model for hyperspectral image formation. The ac-
curacy of sparsity based algorithm could be increased by incorporating the constraints of nonlinear
mixing model as future development. In addition many directions are there in the field of spectral
unmixing like refinement of libraries, consideration of endmember signature variability to enhance
the performance of existing algorithms.
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