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Abstract Hyperspectral imaging is a new technique in remote circumstance also occurs independent of the spatial resolution
sensing which provides image data at hundreds of spectral wave- of the sensor. To deal with this problem, linear spectral mixture
lengths, thus allowing a very detailed characterization of the surface analysis techniques first identify a collection of spectrally pure
of the Earth (from an airborne or satellite platform). One of the most
important challenges in hyperspectral imaging is to find an adequate constituent spectra, often called endmembers in the literature,
pool ofpure signature spectra of the materials present in the scene. and then express the measured spectrum of each mixed pixel
These pure signatures are then used to decompose the scene into a as a linear combination of endmembers weighted by fractions
set of so-called abundance fractions by means of a spectral unmixing or abundances that indicate the proportion of each endmember
algorithm, thus allowing a detailed analysis of the scene with sub- present in the pixel [2]
pixel precision. Most techniques available in endmember extraction Over the last decade, several algorithms have been devel-literature rely on exploiting the spectral properties of the data alone. Oper tomat semi-aloatitraction devel
As a result, the search for endmembers in a scene is often conducted oped for automatic or semi-automatic extraction of spectral
by treating the data as a collection of spectral measurements with endmembers directly from an input hyperspectral data set.
no spatial arrangement. In this paper, we propose a novel strategy Some classic techniques for this purpose include the pixel
to incorporate spatial information into the traditional spectral-based purity index (PPI) [3], N-FINDR [4], iterative error analysis
endmember search process. Specifically, we propose to estimate, for pIty inde opPi) [3,l-FiND [4], itrativ e nalis
each pixel vector in the scene, a scalar value which is used to weight (lEA) [5], optical real-time adaptive spectral identification
the importance of the spectral information associated to each pixel system (ORASIS) [6], convex cone analysis (CCA) [7], and
in terms of its spatial context. The proposed methodology, which an orthogonal subspace projection (OSP) technique in [8].
favours the selection of highly representative endmembers located in Other advanced techniques for endmember extraction have
spatially homogeneous areas, is shown in this work to significantly been recently proposed [9], [10], [11], [12], [13], [14], [15],
improve several spectral-based endmember extraction algorithms [16] being most of them focused on analyzing the data without
available in the literature. Our experimental results, obtained using [16],oratngmormation ocuse spataly t data i.e.,
real hyperspectral data collected by NASA over the Indian Pines incorporating information on the spatially adjacent data, i.e.,
region in Northern Indiana, are very encouraging and reveal that the hyperspectral data is not really treated as an image but as
the proposed approach is suitable for jointly combining spectral and an unordered listing of spectral measurements with no spatial
spatial information when searching for image-derived endmembers arrangement. However, one of the distinguishing properties
in highly representative hyperspectral image data sets.

o

Keywords-Hyperspectral signal processing, spatial-spectral of hyperspectral data is the multivariate information coupled
analysis, endmember extraction, fractional abundance estimation, with a two-dimensional (pictorial) representation amenable to
spectral unmixing. image interpretation.

A possible approach to take advantage of spatial information
I. INTRODUCTION when searching for image endmembers is to exploit the spatial

Hyperspectral imaging spectrometers such as NASA's Air- similarity between adjacent pixels by defining a criterion
borne Visible Infra-Red Imaging Spectrometer (AVIRIS) [1] which is sensitive to the nature of both homogenous and tran-
provide a new class of observation data for improved Earth sition areas between different land-cover classes. Intuitively,
surface characterizationare, being now able to cover the wave- the transition areas between two or more different land-cover
length region from 0.4 to 2.5 ,um using more than 200 types would likely contain some mixed pixels. Conversely,
spectral channels, at nominal spectral resolution of 10 nm. by definition, an endmember is an idealized pure signature
Each of the pixels collected by hyperspectral imagers such for a class. Thus, it would be reasonable to assume that pure
as AVIRIS contains the resultant mixed spectrum from the pixels are less likely to be found in such transition areas. In
reflected surface radiation of subpixel constituent materials other words, if homogenous areas can be generally expected to
within the pixel. Mixed pixels exist for several reasons. First, provide best candidate pixel vectors for endmember extraction
if the spatial resolution of the sensor is not high enough to algorithms, then it is also possible to use the spatial infor-
separate different pure signature materials at a macroscopic mation to intelligently direct the spectral-based endmember
level, these can jointly occupy a single pixel, and the resulting search process to these spatially homogeneous and highly
spectral measurement will be a composite of the individual representative regions.
spectra. Second, mixed pixels can also result when distinct With the above ideas in mind, this work develops a novel
materials are combined into a homogeneous mixture. This framework for the integration of spatial and spectral informa-
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tion in the process of endmember extraction. The proposed In addition, we assume that the input data set I contains at
approach is presented as a preprocessing module which can least one pure pixel for each distinct material present in the
be used in combination with available endmember extraction scene, and therefore a search procedure aimed at finding the
algorithms. The method takes advantage of a particular charac- most spectrally pure signatures in the input scene is feasible.
teristic of remotely sensed scenes, in which spatially adjacent In this case, the final set of image-derived endmembers is
pixel vectors are expected to share similar information, from denoted by Q = (E1, ... , EP) c I.
a spectral point of view. To exploit this feature, our approach In order to incorporate the spatial information into the
relies on the introduction of a spatial-based pixel similarity process of automatically selecting spectral endmembers, we
measure which is used to weight the spectral signature asso- estimate, for each input pixel vector, a scalar factor p(i, j)
ciated to each pixel vector according to its spatial context. which is intimately related to the spatial similarity between the
The remainder of the paper is organized as follows. Sec- pixel and its spatial neighbors, and then use this scalar factor

tion II formulates and describes the proposed preprocess- to spatially weight the spectral information associated to the
ing method, including a geometric interpretation. Section III pixel. In order to define this procedure in mathematical terms,
briefly reviews three spectral-based endmember extraction al- let us first consider a square-shaped spatial region of ws x ws
gorithms that will be used in this work in conjunction with the pixels in size, centered at the pixel X(i, j). In this case, we
proposed preprocessing module to substantiate its advantages, assume that 1) ws is an odd number, and 2) the processing
and then describes the hyperspectral data set used for evalua- window has a radius of d = (ws - 1)/2 pixels. These values
tion purposes. Experimental results analyzing the performance define the neighborhood region that will be considered around
of the considered endmember extraction algorithms with and each pixel under analysis. With the above assumptions in
without the proposed preprocessing method are discussed in mind, we can define a scalar weight a(i, j) as follows:
Section IV. Finally, section V concludes with some remarks
and hints at plausible future research. i±d j±d

II. METHODOLOGY ca(i,j) = 3 3a 3(r -i,sj)s y(r i,s-j), (2)
r=i-d s=j-d

A. Problem Formulation with:
Let us assume that a remotely sensed hyperspectral scene (r-i,- -(X(r, s), X(i,j)), (3)

with n bands is denoted by I, in which the pixel at the
discrete spatial coordinates (i, j) of the scene is represented where y refers to a similarity measure calculated between the
by a vector X(i, j) = [X (i,j),2(i, j), Xn* (i,j)1 C n, central pixel X(i, j) and a neighboring pixel X(r, s). The value
where X denotes the set of real numbers in which the pixel's resulting from this measure is weighted by Q, a scalar value
spectral response k(i, j) at sensor channels k = 1,..., n is that allows us to assign a different weight to the values of
included. Under the linear mixture model assumption, each ' calculated inside the region delimited by the window with
pixel vector in the original scene can be modeled using the size ws x ws pixels. In particular, this approach allows us to
following expression: give more importance to pixels which are spatially adjacent

to the central pixel in the window, thus reducing the weight
p associated to the values of -y calculated for pixels which are

X(i,j) = ST<(i,j) .E + n(i,j), (1) more distant, spatially, from such central pixel.
z-1 With the previous rationale in mind, we define a per-pixel,

where Ez denotes the spectral response of endmember z, spatially-derived weighting factor for endmember extraction
J.z (i, j) is a scalar value designating the fractional abundance by the following quadratic expression:
of the endmember z at the pixel X(i, j), p is the total number
of endmembers, and n(i, j) is a noise vector. The solution of 2(ij)- + (ij . (4)
the linear spectral mixture problem described in (1) relies on a P /

= I +
J J

successful estimation of how many endmembers, p, are present The expression above can be simply used to scale the
in the input hyperspectral scene I, and also on the correct' ~~~~~~spectral response of an original image pixel as follows:
determination of a set {Ez }p=l of endmembers and their
correspondent abundance fractions {JDz(i, J)}P= at each pixel 1 _ _
X(i, j). Two physical constrains are generally imposed into the X(i, j)f 1
model described in (1), these are the abundance non-negativity ~ i) (X(i, j) - I) + I, (5)
constraint (ANC), i.e., J.z(i, j) . 0, and the abundance sum- where the term X(i, j)' denotes a spectral signature obtained
to-one constraint (ASC), i.e., EP= Iz(i, j) =1. In this case, after weighting X(i, j) using spatial information, and I is the
we refer to the mixture model as fully constrained linear centroid of the data cloud, computed as the mean of all the
spectral unmixing (FCLSU) [17]. pixel vectors in the original hypespectral scene I.

978-1 -4244-3555-5/08/$25.OO ©2008 IEEE 259

Authorized licensed use limited to: Universidad de Extremadura. Downloaded on April 29, 2009 at 06:09 from IEEE Xplore.  Restrictions apply.



4 It is important to notice that the modified simplex in Fig.
1 is mainly intended to serve as a guide for a subsequent

pixel displacement competitive endmember extraction process, conducted using
due to spatial original simplex a user-defined algorithm. However, such modified simplex
weighting factor is not intended to replace the simplex in the input hyper-
A I / X: ,' modified simplex spectral scene. To achieve this, the spatial coordinates of

after incorporating the endmembers extracted from the preprocessed image are
spatial information retained, but the spectral signatures associated to those spa-

/ 6< f"a tial coordinates are obtained from the original hyperspectral
scene as depicted in Fig. 2, which provides a flowchart of

i>'-,\' | the preprocessing technique in combination with a certain
5, II I I Iendmember extraction and spectral unmixing algorithm. As

5 shown by Fig. 2, the estimation of the number of endmembers
'X\ §l |is conducted using the original hyperspectral image as input.

On the other hand, the modified hyperspectral image resulting
3 from our spatial preprocessing is only used as input to the

endmember extraction algorithm. The spatial coordinates of
extracted endmembers are retained and used to form a final

IN set Q which comprises the original image pixels at such
coordinates. Then, a spectral unmixing process is conducted

Fig. 1. Geometric interpretation of the proposed preprocessing framework. using the original hyperspectral image and the set Q as inputs.
As a result, no artifacts are introduced in the process of
estimating abundance fractions.

B. Geometric Interpretation To conclude this subsection, we emphasize that the general
flowchart described in Fig. 2 can be used in combination with

A simple geometric interpretation of the weighting factor different techniques for endmember extraction and spectral
described in Eq. (5) is illustrated in Fig. 1, given as a unmixing. Also, the factor described in Eq. (4) can be defined
toy example in which only two spectral bands of an input using different measures for the spectral similarity criterion -y
hyperspectral scene are represented against each other for and the spatial weight function / defined in Eq. (2). In the
visualization purposes. As shown by Fig. 1, the idea behind following subsection, we describe our empirical choices for
our preprocessing framework is to center each spectral feature both parameters in this work.
in the data cloud around its mean value, and then shift each
feature straight towards the centroid of the data cloud (denoted C. Spectral Similarity Metric and Spatial Neighborhood
by O' in Fig. 1) using a spatial-spectral factor given by Eq. Weight
(4). The shift of each spectral feature in the data cloud is
proportional to a similarity measure calculated using both the Several point-wise dlstances can be considered in order to

spatal eigboroodarond he pxelundr cnsieraionand compute the spectral similarity measure 'y used in Eq. 4. In
the spectral information associated to the pixel, butcwiout this work, we have used the spectral angle distance (SAD), acorltwithon well known measure for hyperspectral data processing [18].
averaging the spectral signature of the pixel. The correctio SAD can be used to measure the spectral similarity betweenis performed so that pixels located in spatially homogenous Iand X(r, s), as follows:
areas (such as the pixel vector labeled as '1' in Fig. 1) are P vectors,(, )
expected to have a smaller displacement with regards to their
original location in the data cloud than pure pixels surrounded S1 X(i, j) X(r, s)
by spectrally distinct substances (e.g., the pixel vector labeled a SAD(X(i,),X(r,s)) cos (6)
as '3' in Fig. 1).Resulting from the above operation, a modified
simplex is formed, using not only spectral but also spatial It should be noted that SAD is given by the cosine of the
information. It should be noted that the vertices of the modified spectral angle formed by n-dimensional vectors. As a result,
simplex are more likely to be pure pixels located in spatially this measure is invariant in the multiplication of X(i, j) and
homogenous areas. Although the proposed method is expected X(r, s) by constants and, consequently, is invariant before un-
to privilege homogeneous areas for the selection of endmem- known multiplicative scalings that may arise due to differences
bers, no pixel is excluded from the competitive endmember in illumination and angular orientation [19].
extraction process that follows the preprocessing. As it can be On the other hand, the spatial weight function 1(i, j) is
inferred from Fig. 1, the proposed method is also expected to taken as the quadratic distance of each pixel inside the region
be robust in the presence of outliers. ws and the central pixel, normalized by a constant (:
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Hyperspectral coordinates of the endmembers found in the transformed data
image set.

B. AVIRIS Indian Pines Scene

A9ti sct 0 This scene, with a size of 145 x 145 pixels, was acquiredestimate the tes

membersb spctrl aiby the AVIRIS sensor in June 1992 over the Indian Pines
Weigh area in Northwestern Indiana, a mixed agricultural/forest area,

early in the growing season. The scene comprises 220 spectral
modified | AK channels in the wavelength range 0.4-2.5 ,um. After an initial

hypimegectr_ screening, several noisy spectral bands were removed from
enidmeXrthe data set, leaving a total of 190 radiance channels to be

used in the experiments. For illustrative purposes, Fig. 3(a)
abundance shows a false color composition of the AVIRIS Indian Pines

endmember endmnmber fractions
doordinStes 1 scene, while Fig. 3(b) shows the ground-truth map available

for the scene, displayed in the form of a class assignment
Fig. 2. Flowchart of the proposed method for incorporating spatial-spectral for each labeled pixel, presents 16 mutually exclusive ground-
information into the endmember extraction and unmixing process. truth classes. These data, including ground-truth, are available

onlinel, a fact which has made this scene a widely used bench-
mark for testing the accuracy of hyperspectral data classifi-

f 0, if = 0 and j 0; cation algorithms. Unfortunately, no ground-truth information
-3(i 2 2, otherwise(7) about the location of pure pixels and/or the true fractional

where: abundances of endmembers is available for this scene (as it
i* d j+d

is often the case in most real-world applications). Despite the
i±d v±d 1 KA lack of ground truth at sub-pixel levels, an alternative strategy

rS -d[(r - i)2 + (s - for (r, s) # (i i)2 will be used in this work to validate the quality of extracted
(8) endmembers using available labeled pixels.

Thus, the SAD spectral similarity score obtained after IV. COMPARATIVE PERFORMANCE ANALYSIS
comparing the spectral signature associated to the central pixel Our analysis with this real hyperspectral scene begins with
with that of its spatial neighbors receives more importance than the estimation of the number of endmembers p present in the
the scores obtained after comparing the same pixel with more . . . . . Xscene, using the virtual dimensionality (VD) concept in [21].
distant neighbors. It should be noted that the constant ( in Eq. A reasonable estimate for the VD seemed to be 18. The value
(7) is not strictly necessary, but it allows one to control the of p 18 also seems reasonable in light of the number of
importance of the similarity score obtained after comparing distinct land-cover classes labeled in the ground-truth map.
two pixel vectors into the interval 0 < 3(i, i) < 1. Therefore, only the experiments for a case study with p = 18

III. EXPERIMENTAL SET-UP are discussed in this subsection.
A. Endmember Extraction Algorithms The analysis presented in this section has been conducted

under the assumption that, as it is often the case with real hy-
Three well-known endmember extraction algorithms have Nperspectral scenes, there is no ground-truth information about

been selected for our comparative study, including the N- the location of pure pixels or their true abundance fractions
FINDR algorithm in [4], the VCA algorithm in [20], and the at a pixel-level in the scene. In this case, the only available
OSP algorithm in [8] The reasontfor our selectionish information a priori is a ground-truth map which assigns a

these three algorithms are representative of a class of convex (hard) class label to each image pixel, with no further infor-
geometry-based techniques which have been quite successful mation about sub-pixel abundance fractions. In this context,
in the task of endmember extraction, and which are also our hypothesis is that a set of high-quality endmembers (and
fully automatic in nature. In our experiments with VCA, we their corresponding FCLSU-estimated abundance fractions)
select the corresponding pixel original spectra as the VCA tercrepnigFLUetmtdaudnefatos
solution,cnottheorresondise-s hed sotionalspetro d btheV may allow reconstruction of the original hyperspectral scene
solution, not the noise-smoothed solution produced by the [by means of Eq. (1)] with highest precision than a set of
original algorithm. low-quality endmembers. In other words, out main goal in

It should be noted that, in our experimental assessment, experiments with this scene is to analyze the reconstruction
the three above-mentioned algorithms will be applied to a error, which can be seen as an indirect assessment of the the
transformed data set obtained after applying our preprocessing acrc fbt h nmme xrcinadtelna pc
framework to the original hyperspectral image. However, the tral unmixing stages. It should be noted that the same FCLSU
final endmember set is not obtained from the transformed
image but from the original one, after retaining the spatial 'http:lldynamo.ecn.purdue.edu/biehl/MultiSpec
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Fig. 3. (a) False color composition of the AVIRIS Indian Pines scene. (b) Ground truth-map containing 16 mutually exclusive land-cover classes (right).

unmixing algorithm is always used to estimate the fractional the land-cover classes mainly formed by anomalous pixels
abundances of different sets of endmembers produced by (e.g., the Bldg-Grass-Trees class) exhibit a less significant
different algorithms with and without spatial preprocessing, reduction of individual RMSE scores. Finally, Table 1 also
thus allowing us to individually substantiate the impact of reveals that the overall RMSE error after comparing the
spatial preprocessing. original scene with a reconstructed version using endmembers
The measure employed to evaluate the goodness of the produced after spatial preprocessing was always lower than

reconstruction is the root mean square error (RMSE) between the RMSE error after comparing the original scene with a
the original and the reconstructed hyperspectral scene, which reconstructed version using endmembers directly extracted
can be defined as follows. Let us assume that I(°) is the from the original hyperspectral scene, with ws =5 apparently
original hyperspectral scene, and that I(R) is a reconstructed providing a good compromise for the window size as indicated
version of I(°), obtained using Eq. (1) with a set of end- by results in the table.
members, automatically derived by a certain algorithm from
the original scene, and their corresponding FCLSU-estimated V. CONCLUDING REMARKS
fractional abundances. Let us also assume that the pixel vector The main contribution of this paper is the development of
at spatial coordinates (i,ji) in the original hyperspectral scene a simple, yet effective methodology which integrates both
is given by X(°)(i,j) = x°(,)x°(,) x$°)(i,j)], the spatial and the spectral information contained in the
while the corresponding pixel vector at the same spatial hyperspectral data in simultaneous fashion. The proposed
coordinates in the reconstructed hyperspectral scene is given methodology allows one to incorporate spatial information into
by X(R) (i, j) =[x(R) (i, j) x(R) (ii,.j) 1(R) (i, j)] . With the the traditional spectral-based endmember search conducted by
above notation in mind, the RMSE between the original and standard algorithms, with the peculiarity that the algorithms
the reconstructed hyperspectral scenes is calculated as follows: used for endmember searching do not need to be modified.

Instead, the proposed approach works as an (optional) spatial
- s Ii n (02 preprocessing module which can be applied to the original

RMsE(P'°), I(R)) = .1EE ( .iE[x -)(i ) 7) (i, i)]2) ~* hyperspectral image prior to the execution of an endmember
(9) extraction algorithm, thus allowing one to make use of the

Table 1 reports the overall RMSE scores calculated using standard hyperspectral processing chain for spectral unmix-
the expression in Eq. (9) and also the individual, per-class ing since this module works independently of other relevant
RMSE scores calculated using only the spatial coordinates modules of such chain, such as dimensionality reduction,
of the pixels labeled as belonging to a certain land-cover endmember extraction or spectral unmixing.
class in the ground-truth map available for the AVIRIS Indian Our experiments using real hyperspectral data sets revealed
Pines scene. In each reconstruction, we used the endmembers that the proposed approach is quite promising in the sense
produced by three different extraction algorithms (OSP, N- that it can take advantage of spatial information in order to
FINDR and VCA) with no spatial preprocessing (ws 0) and intelligently guide the traditional, spectral-based approach to
with spatial preprocessing, using window sizes of ws =3, extract endmembers from ahyperspectral scene, and also avoid
ws =5 and ws =9, respectively. From Table 1, it can that important endmembers are discarded during the process.
be observed that spatial preprocessing allows a significant Despite the above remarks, further experimentation should
reduction of both the overall and individual RMSE scores. be conducted in future work to address some unresolved
This is particularly the case for land-cover classes made up of issues that may present challenges over time. Specifically, an
homogeneous pixels (e.g., Corn, Grass and Soybeans), while evaluation of different distance measures to be used in the
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Table 1. Individual and overall RMSE-based reconstruction errors obtained after comparing the original AVIRIS Indian Pines scene with a reconstructed
version of the same scene using the fully constrained linear mixture model in Eq. (1) and the endmembers extracted by OSP, N-FINDR and VCA algorithms.
Two cases are reported for each algorithm: no spatial preprocessing (ws -0), and spatial preprocessing prior to endmember extraction, using window sizes
of ws 3, ws =5 and ws =9.

OSP N-FINDR VCA

Alfalfa (54) 55.16 45.90 44.99 47.28 33.16 41.53 41.98 37.77 70.18 49.12 37.84 46.34
Comn-notill (1434) 37.76 23.49 25.18 33.89 40.17 26.40 31.85 30.01 35.48 30.49 33.06 31.31
Com-min (834) 32.44 25.03 26.55 31.04 36.11 28.29 28.90 28.28 33.86 28.11 32.10 29.68
Corn (234) 36.22 26.48 26.79 42.86 43.19 28.56 38.47 29.12 38.81 33.46 34.74 34.67

Grass/Pasture (497) 41.08 34.93 27.50 32.23 106.71 37.52 30.11 28.91 45.41 27.17 27.6957.66
Grass/Trees (747) 30.32 27.23 24.12 36.52 31.42 25.12 30.05 26.46 26.41 23.51 23.25 28.72

Grass/pasture-mowed (26) 32.74 26.06 26.33 26.96 23.93 24.31 26.27 22.78 38.68 33.97 24.2425.76

Hay-windrowed (489) 59.46 35.72 34.06 46.81 35.59 31.08 39.72 29.94 65.39 57.00 33.04 34.87
Oats (20) 26.04 25.73 23.27 25.53 25.33 25.65 24.72 23.14 25.39 25.31 23.68 24.22

Soybeans-notill (968)47.07 22.55 24.11 31.58 51.32 26.72 33.60 31.02 27.59 24.49 26.3725.01

Soybeans-min (2468) 46.08 24.93 27.10 33.71 48.28 31.98 34.01 31.93 36.13 28.93 33.4531.14

Soybeans-clean (614) 45.09 23.89 24.52 49.26 54.35 25.31 44.59 29.82 31.76 26.97 26.9625.85
Wheat (212) 29.58 31.16 26.77 29.20 27.18 25.81 26.36 33.12 26.99 26.19 29.65 27.36
Woods (1294) 50.21 51.99 27.81 27.86 91.95 47.18 36.88 38.05 40.84 37.01 42.88 49.38
Bldg-Grass-Trees (380)43.97 45.95 30.04 33.32 34.73 39.05 32.49 35.61 33.09 33.02 35.7335.98
Stone-steel towers (95)93.62 70.79 49.52 61.11 98.25 36.43 36.12 105.28 92.80 36.84 56.6745.32

Overall RMSE-based error 40.80 34.24 27.37 32.97 47.49 32.93 32.48 32.48 35.60 30.62 32.1934.23

extension of the proposed preprocessing framework is a key [8] H. Ren and C.-I. Chang, "Automatic spectral target recognition in
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Finally, parallel implementations of the proposed methodology Huntington, "ICE: a statistical approach to identifying endmembers in
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