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1. Abstract

Imaging spectrometers deliver very large amounts are
data which call for automatic summarisation for ex-
ploratory data analysis. In the frequent absence of
ground truth for planetary data, unsupervised analysis
methods can provide unbiased information about the
data. In this work, we investigate the use of unsuper-
vised analysis based on non-negative matrix approx-
imation [3, 4] combined with subsequent classifica-
tion [2] to provide scientists with succinct summaries.
Since typically there often is no ground truth to com-
pare to, unsupervised rather than supervised methods
allow to extract new information from data sets. We
designed particularly efficient methods to cope with
the large data volumes which are typical for this type
of instrument.

2. Methods

The first step consists of hyperspectral unmixing, that
is, extracting source spectra which make up the com-
pound spectrum measured by the instrument [1] (see
Figures 1 and 2). By considering P pixels of an hy-
perspectral image acquired at L frequency bands, the
observed spectra are gathered in a P x L data matrix
X. Each row of this matrix contains a measured spec-
trum at a pixel with spatial index p = 1,..., P. Ac-
cording to the linear mixing model, the p”* spectrum,
1 < p < P, can be expressed as a linear combination
of r;,1 < r; < R, pure spectra of the surface com-
ponents. Using matrix notations, this linear spectral
mixing model can be written as

X~ A-S, 6]

where non-negative matrices A € MP*E  and
S € MP*L approximate X € MT>L in the sense
that 1||AS — X||? is minimised, where M *" is the
space of matrices of respective dimensions with non-
negative entries. The rows of matrix S now contain the
pure surface spectra of the R components, and each

element A,, of matrix A corresponds to the abun-
dance of the r* component in pixel with spatial index
p. For a qualitative and quantitative description of the
observed scene composition, the estimation problem
consists of finding matrices S and A which allow to
explain the data matrix and, at the same time, have a
coherent physical interpretation.

Figure 1: Overview of compound spectral shapes.

The second step consists of classifying the sources
that were extracted in the previous step. For summaris-
ing the information contained in a set of spectral im-
ages, we look at a variety of unsupervised methods to
see for which kind of data sets they deliver interesting
results.

3. Summarisation

After the second step the classifications are looked
at and a summary is created. Currently, this is done
by selecting an archetype [2] for each class, such as
the first spectrum in Figure 2; the instance selected
as archetype typically depends on the classification
method used.



20

s

20

Figure 2: Extracted individual spectra.
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