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Abstract

Hyperspectral imaging is a new technique in remote

sensing that generates hundreds of images, correspond-
ing to different wavelength channels, for the same area
on the surface of the Earth. In previous work, we have
explored the application of morphological operations to
integrate both spatial and spectral responses in hyper-
spectral data analysis. These operations rely on order-
ing pixel vectors in spectral space, but there is no unam-
biguous means of defining the minimum and maximum
values between two vectors of more than one dimension.
Our original contribution in this paper is to examine the
impact of different vector ordering strategies on the def-
inition of multi-channel morphological operations. Our
focus is on morphological unmixing, which decomposes
each pixel vector in the hyperspectral scene into a com-
bination of pure spectral signatures (called endmem-
bers) and their associated abundance fractions, allow-
ing sub-pixel characterization. Experiments are con-
ducted using real hyperspectral data sets collected by
NASA/JPL’s Airborne Visible Infra-Red Imaging Spec-
trometer (AVIRIS) system.

1 Introduction

Hyperspectral imaging is concerned with the mea-
surement, analysis, and interpretation of spectra ac-
quired from a given scene (or specific object) at a short,
medium or long distance by an airborne or satellite sen-
sor [3]. The concept of hyperspectral imaging origi-
nated at NASA’s Jet Propulsion Laboratory in Califor-
nia, which developed instruments such as the Airborne
Imaging Spectrometer (AIS), then called AVIRIS, for
Airborne Visible Infra-Red Imaging Spectrometer [4].
This system is now able to cover the wavelength region
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Figure 1. Hyperspectral imaging concept

from 0.4 to 2.5 pum using more than two hundred spec-
tral channels, at nominal spectral resolution of 10 nm.
As a result, each pixel vector collected by a hyperspec-
tral instrument can be seen as a spectral signature or
fingerprint of the underlying materials within the pixel
(see Fig. 1).

Spectral mixture analysis has been an alluring ex-
ploitation goal since the earliest days of hyperspectral
imaging [5]. No matter the spatial resolution, in natural
environments the spectral signature for a nominal pixel
is invariably a mixture of the signatures of the various
materials found within the spatial extent of the ground
instantaneous field view [8]. In hyperspectral imagery,
the number of spectral bands usually exceeds the num-
ber of pure spectral components, called endmembers in
hyperspectral analysis terminology [7], and the unmix-
ing problem is cast in terms of an over-determined sys-
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tem of equations in which, given the correct set of end-
members allows determination of the actual endmember
abundance fractions through a numerical inversion pro-
cess. Since each observed spectral signal is the result of
an actual mixing process, the driving abundances must
obey two constraints [2]. First, all abundances must
be non-negative. Second, the sum of abundances for
a given pixel must be unity.

In previous work, we have explored the applica-
tion of multi-channel morphological operations to in-
tegrate both spatial and spectral responses in spectral
mixture analysis of hyperspectral images [6]. A simple
approach to multi-channel morphology consists in ap-
plying single-channel morphological techniques to each
channel separately [9]. However, with this marginal ap-
proach there is a possibility for loss or corruption of in-
formation of the image due to the probable fact that new
spectral constituents —not present in the original image—
may be created as a result of processing the channels
separately. An alternative way to approach the prob-
lem of multi-channel morphology is to treat the data at
each pixel as a vector. Unfortunately, there is no unam-
biguous means of defining the minimum and maximum
values between two vectors of more than one dimen-
sion, and thus it is important to define an appropriate
arrangement of vectors in the selected vector space.

In this work, we examine the impact of different vec-
tor ordering strategies on the definition of multi-channel
morphological operations for spectral unmixing of re-
motely sensed hyperspectral data. Our ultimate goal is
to provide specific recommendations on best practice
when defining vector-based multi-channel morpholog-
ical operations. The remainder of this paper is orga-
nized as follows. Section 2 describes the approach fol-
lowed for extension of morphological operations to hy-
perspectral imagery. Section 3 discusses different vec-
tor ordering strategies. Section 4 describes a morpho-
logical endmember extraction algorithm based on ex-
tended morphological operations. Section 5 provides
an experimental evaluation of the considered endmem-
ber extraction algorithm, implemented using different
ordering strategies, along with a comparison to other
existing endmember extraction using real hyperspectral
datasets collected by the 224-channel NASA’s AVIRIS
system. Section 6 concludes with some summarizing
points and hints at plausible future research.

2 Extended mathematical morphology

Mathematical morphology is a theory for spatial
structure analysis that was established by introducing
fundamental operators applied to two sets [9]. A set
is processed by another one having a carefully selected
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shape and size, known as the structuring element (SE).
The two basic operations of mathematical morphology
are erosion and dilation [9]. In grayscale morphology,
these operators can be interpreted by viewing the im-
age data as an imaginary topographic relief in which the
brighter the gray tone, the higher the corresponding el-
evation. With this assumption in mind, morphological
operations can be interpreted as the result of sliding a
SE over the topographical relief, so that the SE defines
the new (dilated or eroded) scene based on its spatial
properties.

Extension of morphological operators to multi-
channel data such as hyperspectral imagery with hun-
dreds of spectral channels is not straightforward. A sim-
ple approach consists in applying grayscale morphol-
ogy techniques to each channel separately, an approach
that has been called marginal morphology in the litera-
ture [9]. However, the marginal approach is often unac-
ceptable in remote sensing applications because, when
morphological techniques are applied independently to
each image channel, analysis techniques are subject to
the well-known problem of false colors; that is, it is
very likely that new spectral constituents (not present in
the original hyperspectral image) may be created as a
result of processing the channels separately. An alter-
native (and perhaps more appropriate) way to approach
the problem of multi-channel morphology is to treat the
data at each pixel as a vector [6]. Unfortunately, there
is no unambiguous means of defining the minimum and
maximum values between two vectors of more than one
dimension, and thus it is important to define an ap-
propriate arrangement of vectors in the selected vector
space.

Let us assume that f is a hyperspectral image defined
on the V-dimensional continuous space, where NV is the
number of spectral channels. Similarly, let us assume
that f(x,y) denotes the pixel vector at spatial coordi-
nates (z,y). The pixel vectors in the spatial neighbor-
hood of f(z,y) defined by a SE denoted by K are rep-
resented by f(s,t) so that (s,t) € K. With the above
definitions in mind, the extended erosion f © K can be
defined as follows [6]:

On the other hand, the extended dilation f & K can
be defined as follows [6]:

(fo K)(2,y) = mavs e {f(r — s,y —t)}. (2)

As shown by Eqgs. (1) and (2), multi-channel mor-
phology is based on the definition of a vector ordering
strategy able to determine a maximum and an minimum
given a set of pixel vectors.



3 Vector ordering strategies

Several classic strategies have been defined in the
literature to order vectors in [N-dimensional space. If
we assume that f(z,y) and f(z’,3’) denote two pixel
vectors with f(z,y) = [fi(z,y), -, fn(z,y)] and
f(x/’ y/) = [fl (xl, y/)7 T fN(xlv y/)]’ respectively,
the following strategies can be applied:

e In marginal ordering (M-ordering), each pair of
observations f;(x,y) and f;(«’,y’) is ordered in-
dependently along each of the IV channels.

In conditional ordering (C-ordering), the pixel vec-
tors are initially ordered according to the ordered
values of one of their components, e.g. the first
component, fi(z,y) and f1(z',y"). As a second
step, vectors that have the same value for the first
component are ordered according to the ordered
values of another component, e.g. the second com-
ponent, fo(x,y) and fo(z’,y'), and so on.

It should be noted that pixel vectors in remotely
sensed images are usually considered as entire spectral
signatures (see Fig. 1) in which all channels can pro-
vide relevant information. In addition, the spectral sig-
natures may be affected by atmospheric and illumina-
tion interferers, which may introduce fluctuations in the
amount of energy collected by the sensor at the different
wavelength channels. To address these properties, a dif-
ferent ordering strategy that considers the full spectral
signature as a whole (D-ordering) is introduced. This
strategy utilizes a cuamulative distance between one par-
ticular pixel vector f(z,y) and all the pixel vectors in
the spatial neighborhood given by a SE denoted by K
as follows [6]:

CK(f(x7y)): Z SAD(f(x,y),f(s,t)),

(s,t)eK

3)

where SAD is the spectral angle distance [2]. The SAD
between f(z, y) and f(s, t) is given by the following ex-

pression:
1£(z, )|l - IIf(S,t)II)'
“

As aresult, Cx (f(x, y)) is given by the sum of SAD
scores between f(z,y) and every other pixel vector in
the K -neighborhood. The SAD measurement is invari-
ant in the multiplication of the input vectors by con-
stants and, consequently, is invariant to unknown mul-
tiplicative scalings that may arise due to differences in
illumination and sensor observation angle [2].

SAD(f(z,y),f(s,t)) = cos™! (
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4 Morphological endmember extraction

Based on the multi-channel operations of erosion
and dilation described in section 2, we have developed
an algorithm for automated morphological endmember
extraction (AMEE) [6]. The inputs to the algorithm are
the full hyperspectral data cube f, a SE denoted by K,
a maximum number of algorithm iterations I,,,,,, and a
number of endmembers to be extracted, p. A step-by-
step description of the algorithm follows:

1. Set ¢ = 1 and initialize a morphological eccentric-
ity index [6], denoted by MEI(z, y) = 0, for each
pixel f(x, y) in the original image.

. Move K through all the pixels of the image, defin-
ing a local spatial search area around each pixel
f(z,y), and update the MEI at each spatial loca-
tion (z,y) using the following expression:

MEI(z,y) = SAD[(f © K)(z,y), (f ® K)(z, y)]
(5)

. Seti =i+ 1. If © = I,,44, then label the p dis-
tinct pixel vectors with higher MEI scores as the
final endmembers. Otherwise, replace the original
image with its dilation using K and go to step 2.

Experimental results

In this section, we evaluate the impact of using dif-
ferent vector ordering strategies in the definition of
multi-channel morphological operations adopted by the
AMEE algorithm, and further compare the obtained re-
sults with those provided by other classic algorithms for
endmember extraction in the literature, such as the pixel
purity index (PPI) [1] and N-FINDR [10].

The image data set used in experiments was col-
lected by NASA Jet Propulsion Laboratory’s AVIRIS
system over the Cuprite mining district in Nevada. The
data set! consists of 614 x 512 pixels and 224 bands in
the wavelength range 0.4-2.5 um (137 MB in size). It
is atmospherically corrected and available in reflectance
units. The Cuprite site has been extensively mapped by
the U.S. Geological Survey (USGS) in the last twenty
years, and there is extensive ground-truth information
available, including a library of mineral signatures col-
lected on the field?.

Table 1 shows the SAD scores (in degrees) be-
tween the endmembers in the final endmember set (ex-
tracted by different endmember extraction algorithms)
and their corresponding spectral signatures in the USGS

Online: http://aviris jpl.nasa.gov/html/aviris.freedata.html
2Qnline: http://speclab.cr.usgs.gov/spectrallib.html



Table 1. SAD scores (degrees) between
USGS mineral spectra and their corre-
sponding endmembers produced by sev-
eral endmember extraction algorithms.

USGS Spectral methods: Spatial-spectral AMEE method:
signature PPI N-FINDR (M-ord.) (C-ord.) (D-ord.)
Alunite 10.12° 9.96° 11.05° 7.81° 4.81°
Buddingt. 8.23° 7.71° 9.34° 9.12° 4.21°
Calcite 12.36° 12.08° 13.32° 12.55° 9.54°
Kaolinite 13.05° 13.27° 13.46° 11.19° 8.74°
Muscovite 6.35° 5.24° 8.44° 7.69° 4.61°

library. We individually optimized the input parameters
for each endmember extraction algorithm to make sure
that the best performance of each considered algorithm
with the AVIRIS Cuprite scene is reported in Table 1. In
order to display the results in a more effective manner,
we only report the SAD score associated to the most
similar spectral endmember (out of p = 15 endmem-
bers obtained for each algorithm combination, where
this value was determined by using the virtual dimen-
sionality concept in [2]) with regards to its correspond-
ing USGS signature. It is important to emphasize that
smaller SAD values indicate higher spectral similarity.

As shown by Table 1, the AMEE (implemented with
D-ordering) resulted in the largest number of minimal
SAD values (displayed in bold typeface in the table)
among all considered combinations. Quite opposite, the
AMEE implemented with M-ordering and C-ordering
produced endmembers which were less similar, spec-
trally, with regards to reference USGS signatures. Even
though PPI and N-FINDR are spectral-based methods
that do not incorporate the spatial information in the
search for endmembers, their performance can be su-
perior to that of the spatial-spectral AMEE if an inap-
propriate vector ordering strategy is used to define ex-
tended morphological operations.

The considered endmember extraction algorithms
have also been evaluated from the viewpoint of their
capacity to produce high-quality abundance estima-
tions for geological features in the Cuprite mining dis-
trict. This has been done by estimating the fractional
abundance of endmembers provided by PPI, N-FINDR
and AMEE using the standard linear spectral unmixing
(LSU) algorithm for abundance estimation [2]. In all
cases, we tested unconstrained versus fully constrained
versions (i.e., with sum-to-one and non-negativity re-
strictions) of the LSU. Although ground-truth informa-
tion on endmember fractional abundances is very diffi-
cult to obtain in real-world scenarios, our quantitative
experiments demonstrated that the use of AMEE (im-
plemented with D-ordering) resulted in very few nega-
tive abundance estimations. In contrast, a more signifi-
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cant fraction of negative abundances was obtained when
using all other tested methods (in particular, the AMEE
implemented using M-ordering and C-ordering).

6 Conclusions and future research

In this work, we have explored the impact of differ-
ent vector ordering strategies on the definition of multi-
channel morphological operations for spectral unmix-
ing of remotely sensed hyperspectral images. Our ex-
periments indicate that a physically meaningful strat-
egy that considers spectral angle distances between full
spectral signatures (D-ordering) provides superior re-
sults to those obtained using M-ordering and C-ordering
strategies. A spatial-spectral endmember extraction al-
gorithm implemented using D-ordering also provides
higher quality endmembers and fractional abundance
estimations than other classic methods that only use
spectral information for the unmixing stage. Further ex-
periments with additional distance metrics and scenes
should be conducted in order to fully substantiate the
results presented in this paper.
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