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Antonio Plaza4 and Ben Somers5,1

1Flemish Institute for Technological Research, Centre for Remote Sensing and Earth
Observation Processes (TAP), Boeretang 200, 2400 Mol, Belgium

2 Geography Department, Humboldt-Universität zu Berlin,
Unter den Linden 6, 10099 Berlin, Germany

3 Instituto de Telecomunicações and Instituto Superior Técnico, TULisbon, 1049-001, Lisbon, Portugal
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ABSTRACT
Hyperspectral images pose many challenges in endmember extrac-
tion applied to urban environments. The heterogeneity of the scenes
and the relative high spatial resolution of the acquisition sensors lead
to difficulties in the inference of the correct number of endmembers
in the scene and possibly to the existence of a large number of pure
pixels for one class of materials (e.g., grass, tree, roof). Classical
approaches, based on iterative schemes, aim mainly at selecting a
set of distinct signatures from the image, which introduces a relative
high instability of the solutions in the subsequent abundance estima-
tion (unmixing) process. This paper introduces a method to build a
large mixing matrix accounting for the variability of the endmem-
bers in urban environments. The method, inspired from the multi-
measurement vector problem, does not impose a fixed number of
endmembers in the mixing matrix. Our experiments with a hyper-
spectral urban image acquired over Berlin, Germany, indicate that
the method is able to select with high accuracy validated endmember
spectra on the ground and ensures a high variability of the extracted
signatures.

Index Terms— Hyperspectral, endmember extraction, urban,
convex optimization, sparse regression

1. INTRODUCTION

The potential of hyperspectral remote sensing in support of urban
management has been amply demonstrated [1]. Yet, the perfor-
mance of image classification algorithms within heterogeneous en-
vironments is often impaired by mixed pixels [2, 3]. Urban areas
are generally very diverse in terms of the number and extent of man-
made and natural materials and the different materials are intimately
mixed. Spectral unmixing then becomes an alternative processing
step (and necessary when mixing complexity in the image is ampli-
fied) [3]. It amounts to estimating the abundance of pure spectral
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constituents (endmembers) in each (possibly mixed) pixel (a com-
prehensive review of available unmixing algorithms can be found in
[4]). In recent years, several endmember extraction algorithms have
been proposed for automated endmember extraction from hyper-
spectral data sets. Traditionally, endmember extraction algorithms
extract/select only one single standard endmember spectrum for each
of the presented endmember classes or scene components. The use
of fixed endmember spectra, however, is a simplification since in
many cases the conditions of the scene components are spatially and
temporally variable (e.g., due to ageing, physical/chemical composi-
tion, surface anisotropy effects). As a result, variation in endmember
spectral signatures is not always accounted for and, hence, spectral
unmixing can lead to poor accuracy of the estimated endmember
fractions [5]. Here, we address this issue by developing a simple
strategy to select multiple endmembers (or bundles) per scene com-
ponent. The methodology can be applied to update existing libraries
with new spectra, such that variability is taken into account, or to
build entirely new libraries by a posteriori refining the extracted
signatures, which are then used as input to existing unmixing al-
gorithms.

2. PROPOSED METHODOLOGY

The method we propose here is an adaptation of a recent sparse re-
gression approach to hyperspectral unmixing, which exploits the fact
that the observed data is generated by a relative small number of end-
members. This means that all the observed pixels can be expressed
as linear combinations of only a few endmembers, possibly available
in a spectral library (a large collection of pure spectra).

Let us assume that a spectral library A = [a1, · · · ,am], with m
spectral signatures and L spectral bands, is available, and the data set
contains n pixels organized in the matrix Y = [y1, . . . ,yn] (where
each column yi stores the observed spectrum of one pixel). We may
write then

Y = AX+N, (1)

where X = [x1, . . . ,xn] is the abundance fraction matrix and N =
[n1, . . . ,nn] is the noise matrix. The constraints x ≥ 0 and 1Tx =
1 termed, in hyperspectral jargon, abundance non-negativity con-



straint (ANC) and abundance sum-to-one constraint (ASC), respec-
tively, are often imposed into the model described in Eq. (1) [6].
When a spectral library is available, the unmixing problem can be
tackled via a Multiple-Measurement Vector approach [7, 8, 9, 10],
by solving the following optimization problem:

min
X

∥X∥row−0 (2)

subject to: AX = Y

X ≥ 0.

where ∥X∥row−0 represents the so-called row-ℓ0 norm of X, which
simply counts the non-zero rows of the matrix. In [11], the objective
function (2) was adapted for endmember extraction. The spectral
library A can replaced by the image itself [12], Y, it means that ev-
ery pixel in the image is treated as a potential endmember and the
solution of the optimization problem (2) should provide a reduced
set of pixels which explain with high accuracy the entire dataset,
i.e. the image endmembers. The work [11] proposes two greedy al-
gorithms (modifications of the Simultaneous Orthogonal Matching
Pursuit (SOMP) [7, 8] and the Reduce MMV and Boost (ReMBo)
[13], called SD-SOMP and SD-ReOMP, respectively, where ”SD”
stands for ”Self Dictionary”) to solve the optimization problem (2),
and provides theoretical guarantees for the correct recovery of the
endmember set in the noiseless case, for any number of distinct end-
members.

However, the greedy algorithms like the aforementioned ones
update iteratively the set of endmembers and select, at each iteration,
an endmember which is orthogonal to the previously selected ones.
This means that the extracted endmembers are ideally orthogonal,
so no variability is ensured. This might be a drawback in the con-
sequent unmixing process, in which the extracted spectra can only
approximate the ones on the ground. In this work, we propose a
method which allows variability of endmembers as shown further.

By employing the image Y as a self-dictionary, the optimization
problem (2) can be rewritten in an equivalent form as follows:

min
C

∥YC−Y∥2F + λ

n∑
k=1

∥ck∥2 (3)

subject to: C ≥ 0,

where λ is a regularization parameter weighting the two terms of
the objective function, ck denotes the k-th line of the coefficients
matrix C and C ≥ 0 is to be understood componentwise. The con-
vex term

∑n
k=1 ∥c

k∥2 is the so-called ℓ2,1 mixed norm which pro-
motes sparsity among the lines of C, i.e., it promotes solutions of (3)
with small number of nonzero lines of C. We use the Collaborative
Sparse Unmixing via variable Splitting and Augmented Lagrangian
(CLSUnSAL) [14], based on the Alternating Direction Method of
Multipliers (ADMM) [15] , to solve the optimization problem (3).
CLSUnSAL was originally designed to solve an unmixing problem
when spectral libraries are available. Here, we use it in a similar
fashion, the only difference being that the observed image is em-
ployed as a self-dictionary. By solving the optimization problem
(3), CLSUnSAL provides a coefficients matrix C with a set of non-
zero rows corresponding to the endmembers in the image. Note that,
while we do not enforce a fixed number of endmembers to be ex-
tracted, the value of λ can influence the number of extracted end-
members (higher lambda enforces more sparsity, thus less extracted
endmembers).

3. EXPERIMENTAL RESULTS

The dataset used in our experiments is a 516 × 514 subset of a hy-
perspectral image covering the city of Berlin, Germany (see Fig. 2
– left). The scene was acquired by the HyMap sensor in 125 spec-
tral bands, with a spatial resolution of 3.6m. A total number of 41
spectra from a comprehensive spectral library were selected as pure
signatures of endmembers on the ground. The spectral library was
developed from the image on the basis of expert knowledge and aux-
iliary information (field mapping data, Google Street View). The
library spectra are categorized into four spectrally complex and sim-
ilar urban land cover classes, i.e. roof and pavement as well as grass
and tree. An extensive overview of the characteristics of the image,
image-preprocessing and library development can be found in [16].
In the programming environment used for experimental tests (Mat-
lab 7.10), the use of the entire subset as input to the endmember
extraction algorithm was not possible due to memory usage issues.
The overall computational complexity of the algorithm is O(nL2).
Thus, we split the image in 100 sub-images of similar size (approxi-
matively 2500 pixels each). The endmember extraction is performed
in each of these sub-images and, at the end, the selected spectra from
all sub-images are put together to form the matrix of extracted end-
members. We expect to build large libraries, partly because the end-
members are likely to repeat themselves in several parts of the im-
age. This matrix can be further refined through different strategies
(e.g., pruning, clustering, sampling), which are out of the scope of
this paper. Firstly, we are interested to see if the extracted set of
endmembers contains spectra closely related to the reference ones,
which were selected manually using a priori information.

We use, in turn, two distinct values of the regularization parame-
ter λ: λ1 = 1 and λ2 = 5, for all cases. After building the extracted
spectral libraries, the total number of selected spectra was 2129 and
1472, respectively. For the two parameters and five example end-
members from the four classes, Fig. 1 shows the following features:
dashed red lines - the manually selected reference spectra, dashed
blue lines - the most similar extracted signatures to the reference
spectra, thick red line - mean of the reference spectra, thick blue line
- mean of the extracted signatures. The similarity is measured in
terms of spectral angle distance (SAD). Note, in Fig. 1 that the ex-
tracted libraries contain indeed very similar spectra to the reference
ones. The same behavior is observed when the spectra similarity is
measured by the Euclidean Distance (ED). It is also interesting to
see that the extracted endmembers for the pavement class seem to
be less accurate for λ = 1. However, in the previous work [16],
in which the same reference spectra were used for unmixing, it was
shown that the pavement class is unmixed with less accuracy than
other classes, due to spectral similarities to other classes, ambigui-
ties and shadowing.

We have seen, so far, that the method is able to identify with
good accuracy the reference spectra in the image. However, due to
the sub-image based processing employed, the number of identified
endmembers is high, as the same endmember is likely to appear in
distinct blocks (e.g., pavement spectra are extracted in most of the
sub-images). Although we do not investigate here optimal methods
for retaining the most useful extracted spectra, some possible options
are: library pruning, clustering, averaging, direct identification using
reference spectra, re-running CLSUnSAL using the extracted pixels
as input. In this paper, we make use of the available reference spectra
to retain, from the extracted set of pixels, the most similar five to
each reference spectrum, in terms of spectral angle. This way, we
build an extended library with 205 atoms.

The ground-truth abundance fractions corresponding to the ref-



Regularization parameter: λ = λ1 = 1
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Regularization parameter: λ = λ2 = 5

0 20 40 60 80 100 120 140
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14
Roof

Bands

R
ef

le
ct

an
ce

0 20 40 60 80 100 120 140
0.05

0.06

0.07

0.08

0.09

0.1

0.11

0.12
Impervious

Bands

R
ef

le
ct

an
ce

0 20 40 60 80 100 120 140
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16
Grass

Bands

R
ef

le
ct

an
ce

0 20 40 60 80 100 120 140
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16
Tree

Bands

R
ef

le
ct

an
ce

(e) Roof (f) Pavement (g) Grass (h) Tree

Fig. 1. Quality of the extracted endmembers when λ = λ1 = 1 (top) and λ = λ2 = 5 (bottom).

Fig. 2. HyMap subset and reference polygons for validation.

erence spectra are known in the considered image at a block level,
as shown in Fig. 2 (left – positioning of the polygons in the image;
right – dominant classes inside the polygons; for more details, see
[16]). Here, we are interested to evaluate the impact of using ex-
tracted spectra on the unmixing accuracy, as compared to the one
obtained using reference spectra.

To evaluate the impact of using the extracted spectra on the map-
ping accuracy, we used the reference library, denoted as Ar , and the
extracted libray, denoted as As, as input to a per-pixel sparse un-
mixing algorithm, from which CLSUnSAL is derived, called Sparse
Unmixing via variable Splitting and Augmented Lagrangian (SUn-
SAL) [17]. SUnSAL estimates the vector of fractional abundances
x by solving the following ℓ2 − ℓ1 norm optimization problem:
minx ∥Ax− y∥22 + λS

∑n
k=1 ∥x∥1 subject to: x ≥ 0, where y

is the current observed pixel, A is the spectral library and λS is a
regularization parameter which weights the two terms of the objec-
tive function. In our experiments, λS was manually tuned for near-
optimal performance. The accuracy of fraction maps was evaluated
by comparing modeled versus reference fractions using polygon-
wise averages (Fig. 3).Reference data is shown in Fig. 2. Refer-
ence fractions per polygon were available for 35 polygons, includ-

ing building blocks (black squares), streets (with triangles) and green
spaces (black triangles).

From Fig. 3, it can be seen that SUnSAL performance is slightly
degraded when the extracted library is used. This was expected, as
the performance of sparse regression algorithms is greatly influenced
by the library size. However, it is obvious that the results follow the
same trend and the abundances estimated using AS are closely re-
lated to the ones obtained using AR. We should also mention that
the accuracy assessment is performed in regions where the reference
spectra are known to exist, thus the superior performance of SUn-
SAL when using the reference library might not be so obvious in
other parts of the image, where the extracted spectra can be more
representative than the reference ones.

4. CONCLUSIONS

In this paper, we introduced a Multiple-Measurement Vector ap-
proach to endmember extraction for urban hyperspectral images.
The endmember extraction is formulated as a convex optimization
problem and a sparse regression algorithm is employed to retrieve
the endmembers. Our experimental results show that the method
is able to extract endmembers highly correlated to the ground-truth
ones and it is able to ensure a high variability of the extracted end-
members, which is useful in the subsequent unmixing procedure.
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