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ABSTRACT

In this paper, we present a new open source system for eval-
uating and inter-comparing new spectral unmixing applica-
tions. The proposed tool, called HyperMix, comprises several
open source implementations of algorithms for endmember
identification and spectral unmixing. The tool also includes
a database of synthetic hyperspectral images (generated us-
ing fractals to simulate natural patterns) which can be used to
evaluate the precision of the algorithms for endmember iden-
tification and abundance estimation which are already incor-
porated in the tool. The paper also presents an exhaustive
inter-comparison of algorithms for endmember extraction and
abundance estimation using the proposed tool.

Index Terms—Hyperspectral imaging, endmember ex-
traction, spectral unmixing, open-source tools.

1. INTRODUCTION

Hyperspectral imaging is a technique in remote sensing that
collects hundreds of images, at different wavelength values,
for the same area in the surface of the Earth [1]. For in-
stance, the Airborne Visible Infra-Red Imaging Spectrome-
ter (AVIRIS) instrument operated by NASA’s Jet Propulsion
Laboratory collects 224 spectral channels in the wavelength
range from 40 to 250 nanometers using narrow spectral bands
[2]. The new generation of satellite hyperspectral instruments
improves this spectral resolution even more, providing very
detailed spectral information about ground cover materials.
However, the spatial resolution of hyperspectral imaging in-
struments is still in the range of several meters per pixel. As
a result, the pixels collected by an imaging spectrometer are
likely mixed in nature [3].

Spectral unmixing is a very important tool in remotely
sensed hyperspectral data exploitation which aims at estimat-
ing the abundance of pure spectral components (called end-
members) in each mixed pixel [4]. During the past years,
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many algorithms and models have been developed for end-
member identification and abundance estimation in remotely
sensed hyperspectral images [5, 6], thus making spectral un-
mixing a hot topic in the hyperspectral imaging literature.
However, the codes and implementations of these algorithms
have not been available in open source format as of yet, and
there is no clearly standardized data set for benchmarking the
accuracy of spectral unmixing techniques.

In this paper, we present a first significant effort towards
the adoption of a standardized and open source system for
evaluating and inter-comparing new spectral unmixing appli-
cations. The proposed tool, called HyperMix, has been devel-
oped using the Orfeo Toolbox1, an open source library of im-
age processing algorithms. The tool comprises several open
source implementations of algorithms for endmember iden-
tification and spectral unmixing. In addition, the tool also
includes a database of synthetic hyperspectral images (gener-
ated using fractals to simulate natural patterns) which can be
used to evaluate the precision of the algorithms for endmem-
ber identification and abundance estimation which are already
incorporated in the tool. In this paper, we also present an ex-
haustive inter-comparison of algorithms for endmember ex-
traction and abundance estimation using the considered tool,
covering the most recent developments in the field and estab-
lishing a quantitative and comparative assesment in terms of
algorithm precision and computational efficiency using both
synthetic and real hyperspectral data sets.

2. THE HYPERMIX TOOL

The HyperMix tool is available online for public download
and evaluation2. It comprises different algorithms that cover
the standard hyperspectral unmixing chain, which is graphi-
cally illustrated by a flowchart in Fig. 1. The unmixing chain
consists of three main parts: 1) dimensional reduction, 2) se-
lection of pure spectral signatures or endmembers, and 3) es-
timation of the abundance of each endmember in each pixel
of the scene. For illustrative purposes, Fig. 2 shows the visual
appearence of the HyperMix tool, which has been developed

1http://orfeo-toolbox.org/otb
2http://www.hypercomp.es/hypermix

1393978-1-4673-1159-5/12/$31.00 ©2012 IEEE IGARSS 2012



to address the full hyperspectral unmixing chain in Fig. 1.
The following specific techniques are implemented for each
part of the unmixing chain:

1. Dimensional reduction. For this purpose, the tool
includes an open source implementation of principal
component analysis (PCA) [7].

2. Endmember selection. For this purpose, the tool
includes algorithms using spectral information: N-
FINDR [8], orthogonal subspace projection (OSP) [9],
vertex component analysis (VCA) [10] and also al-
gorithms using both spatial and spectral informa-
tion: automated morphological endmember extraction
(AMEE) [11], spatial-spectral endmember extraction
(SSEE) [12], and spatial pre-processing (SPP) [13].

3. Abundance estimation. For this purpose, the tool
includes an unconstrained least-squares (ULS) abun-
dance estimation approach [14] and also a fully con-
strained (FCLS) approach [15] which includes both
non-negativity and sum-to-one constraints when esti-
mating the abundance of endmembers in each pixel of
a hyperspectral image.

3. USING HYPERMIX WITH SYNTHETIC
HYPERSPECTRAL DATA

A database of 100× 100-pixel synthetic hyperspectral scenes
created using fractals to generate distinct spatial patterns has
been included in the HyperMix tool to allow quantitative eval-
uation of spectral unmixing techniques using this tool. Fig.
2(a) shows an example of processing a synthetic hyperspec-
tral image with HyperMix. The reason for using fractals is
that several natural objects can be approximated by fractals
to a certain degree, including clouds, mountain ranges, coast-
lines, vegetables, etc. thus providing a baseline for simulating
spatial patterns often found in nature. The synthetic images
are simulated from linear mixtures of a set of endmember sig-
natures randomly selected from a spectral library compiled by
the U.S. Geological Survey (USGS)3 andmade up of a total of
420 signatures. These images are further divided into a num-
ber of clusters using the k-means algorithm [16], where the
number of clusters extracted from the five fractal images was
always larger than the number of endmember signatures, fixed
in our experiments to nine endmembers per scene. The abun-
dance proportions in the regions associated to each cluster
have been set so that pixels closer to the border of the region
are more heavily mixed, while the pixels located at the center
of the region are more spectrally pure in nature (the images
does not contain any completely pure pixels, a situation of-
ten encountered in real-world analysis scenarios). Zero-mean
Gaussian noise was added to the synthetic scenes in different

3http://speclab.cr.usgs.gov/spectral-lib.htm

signal to noise ratios (SNRs) –from 30:1 to 110:1– to simulate
contributions from ambient and instrumental sources, follow-
ing the procedure described in [9].

The metric used to compare the performance of endmem-
ber identification algorithms in this work is the spectral an-
gle [3] between each extracted endmember and the set of
available USGS ground-truth spectral signatures. The low-
est the spectral angle, the better the results. Table 1 shows the
average spectral angle scores (in degrees) between the refer-
ence USGSmineral spectra and their corresponding endmem-
ber pixels produced by several endmember extraction algo-
rithms included in HyperMix, across the considered synthetic
scenes. As shown by Table 1, the OSP and VCA (based on
spectral information alone) generally provided the best result
in the comparison, although the inclusion of spatial informa-
tion through SPP helped improving the results in some partic-
ular cases.

4. USING HYPERMIX WITH REAL
HYPERSPECTRAL DATA

We have also used the HyperMix tool to analyze the well-
known AVIRIS Cuprite data set, available online in re-
flectance units4 after atmospheric correction. This scene has
been widely used to validate the performance of endmember
identification algorithms. The portion used in experiments
corresponds to a 350 × 350-pixel subset of the sector la-
beled as f970619t01p02 r02 sc03.a.rfl in the online data. The
scene comprises 224 spectral bands between 0.4 and 2.5 μm,
with full width at half maximum of 10 nm and spatial reso-
lution of 20 meters per pixel. Prior to the analysis, several
bands were removed due to water absorption and low SNR
in those bands, leaving a total of 192 reflectance channels to
be used in the experiments. Fig. 2(b) shows an example of
processing the AVIRIS Cuprite image with HyperMix. The
Cuprite site is well understood mineralogically [17], and has
several exposed minerals of interest included in the USGS
spectral library. A few selected spectra from the USGS li-
brary, corresponding to highly representative minerals in the
Cuprite mining district, are used in this work to substantiate
endmember signature purity.

Table 2 tabulates the spectral angle scores (in degrees)
obtained after comparing the USGS library spectra of alu-
nite, buddingtonite, calcite, kaolinite and muscovite, with the
corresponding endmembers extracted by different algorithms
from the AVIRIS Cuprite scene. As in the case of synthetic
image experiments, the input parameters of the different algo-
rithms have been carefully optimized so that the best perfor-
mance for each method is reported in Table 2. For reference,
the mean spectral angle values across all five USGS signa-
tures is also reported in Table 2. The number of endmem-
bers to be extracted was set to 19 in all experiments after the

4http://aviris.jpl.nasa.gov/html/aviris.freedata.html
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Fig. 1. Standard hyperspectral unmixing chain.

(a) Using HyperMix with synthetic data (b) Using HyperMix with real data

Fig. 2. Visual interface of the HyperMix open source tool for spectral unmixing of hyperspectral data.

consensus reached between the virtual dimensionality [18]
and the hyperspectral signal identification by minimum er-
ror (HySime) [19] concepts. As shown by Table 2, the use
of SSPP improved the quality of the endmembers provided
by endmember selection algorithms such as VCA. In this ex-
periment, however, the best performance (in terms of spec-
tral angle) was obtained by algorithms including both spatial
and spectral information simultaneously, such as the AMEE
or SSEE.

To conclude this paper, we emphasize that further devel-
opments should be conducted in order to improve our pro-
posed HyperMix system. In addition to the inclusion of addi-
tional techniques for endmember selection, we plan to incor-
porate techniques for automatic estimation of the number of
endmembers in hyperspectral data such as VD and HySime.
Further, we are planning to include efficient implementations
that can take advantage of high performance computing sys-
tems, such as commodity graphics processing units (GPUs),
to accelerate the techniques currently available in HyperMix.
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Table 1. Average spectral angle scores (in degrees) between the USGS mineral spectra and their corresponding endmembers
produced by several endmember selection algorithms available in HyperMix.
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