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1. Introduction

1.1 Hyper-i-net RTN

Marian-Daniel lordache has been appointed as aly BEéage Researcher (ESR) in the
Hyperspectral Imaging Network (HYPER-I-NET), whics a four-year (2007-2010) FP6
Marie Curie Research Training Network (RTN) desdrie build an interdisciplinary
European research community focusing on hypersgentaging activities.

While pursuing a PhD degree, the appointed ESRE beilexposed to the following
network-wide training activities provided by the IRT a) researcher exchange
programme; b)summer schools; c)summer camps; d)ound-robin calibration
experiments; e) general-purpose research visitajdterm and final network workshop.
For further details see Hyper-i-net lattp://hyperinet.multimediacampus.it/

Each ESR will develop specific training activitidefined on the respective contract,
which involves at least two partners. In the aaisklarian-Daniel lordache, the partners
are the Instituto Superior Técnico and the Uniwgrei Extremadura (UEX), Caceres,
Spain.

2. PhD Theme: Efficient endmember extraction and spectral
unmixing algorithms

Hyperspectral unmixing is a source separation prabl1-5]. Compared with the
canonical source separation scenario, the sourcds/perspectral unmixing (i.e., the
materials present in the scene) are statisticalheddent and may combine in a nonlinear
fashion. These characteristics, together with iga Himensionality of the hyperspectral
vectors, place the unmixing of hyperspectral megubeyond the reach of most source
separation algorithms, thus fostering active resear this theme.



The research to be carried out in this PhD thesgit address the following aspects of
hyperspectral unmixing: a) geometrical based unmgixin the absence of pure pixels; b)
sparse signature pursuit denoising; and c) ieffic implementation of the developed
algorithms. These topics are addressed below.

2.1  Minimum volume transform (MVT) unmixing

Given a set of mixed spectral (multispectral or drgpectral) vectors, linear spectral
mixture analysis, or linear unmixing, aims at estiimy the number of reference
substances, also called endmembers, their spesigahtures, and their abundance
fractions. Under the linear mixing model, the spaotectors acquired by a hyperspectral
sensor from a scene are in a simplex whose vertioegspond to the pure materials
present in the scene (endmembers). Several apm®d6h[7],[8] have exploited this
geometric feature of hyperspectral mixtures, underadditional assumption that at least
one pure pixel of per material is present in tbeng. This assumption does not hold,
however, in many data sets. In these cases, aglthdhe endmembers may still
correspond to the vertices of the data simpleerehare no pixels in the data
corresponding to the vertexes. Therefore, the mixel based algorithms yield poor
results and we have to resort to minimum volumestia@m (MVT) algorithm [8].

As the name suggests, MVT algorithms determine singplex of minimum volume
containing the data. The MVT type approaches angpbex from the computational point
of view. Usually, these algorithms first find thenwex hull defined by the observed data
and then fit a minimum volume simplex to it. Foraeple, thegift wrapping algorithm
[9] computes the convex hull of data points in aimtensional space with a
computational complexity of Offi™), where n is the number of samples.

This PhD work shall address the MVT approach toixmg. A possible starting point is
a modification of the algorithm recently introdugim [11] to make it more efficient
from the computational point of view. In fact, thatgorithms yields very good results
for a low number of endmembers, say 10. If the Imemof endmenmber is larger, the
algorithm time complexity is simply too high to bsed in practical applications.

Another direction is the exploitation of spatiahtinuity in a statistical sense [12], [13]:
it is likely that neighboring pixels display clogeixtures. This information can be
inserted into the unmixing criteria in order to @btbetter unmixing results.

2.2 Signature pursuit denoising

Very often, the hyperspectral mixed vectors canb®tnodeled as a linear combination
of a few enmembers. The reasons may be, e.g., trape@riability or nonlinear
scattering phenomema. In this cases, the canolmesr unmixing does not produce
reasonable results. A line of attack for the unngxconsists in modeling each observed
vector as a linear combination of only a few spdctectors from a large dictionary.



These vectors are chosen as to minimize the raegressror. Examples of this
methodology are published in [14], [15].

The concept described above is exactly that o$i%puisuit denoising” [16], where a
signal is reconstructed from a small set of atosigmals taken from an overcomplete
dictionary. The reconstruction is computed by salvan inverse problem with an 11-
norm regularizer, thus inducing sparsity in theusoh.

This PhD work shall attach the multiple endmembat®nale with the “basis puisuit
denoising” tools. In this way, the exponential cdemfly of selecting the smallest
number of spectral vector from the dictionary wem@ame. We term this research
direction “signature pursuing denoising”.

2.3 Efficient implementation of the developed algorithms

Hyperspectral sensors sample the reflected sotbatian from the Earth surface in the
portion of the spectrum extending from the visildgion through the near-infrared and
mid-infrared (wavelengths betwef/7and25/7) in hundreds of narrow (on the order of
I07zm) contiguous bands. This high spectral resolutimidg large amounts of data. For
example, AVIRIS collects al? (along track)# bl4 (across trackyY 224 (bands)£'1Z (bits)
data cube M3 seconds, corresponding to more than 700 Mbits; Hgpecollects 4
Mbits in 3 seconds, corresponding to 366Kbytes’K®uch huge data volumes put
stringent requirements in what concerns commurmnati storage, and processing.
Therefore, the development of efficient (from themputational point of view)
algorithms plays a key rule in the exploitation tfe enormous potential of
hyperspectral imagery in a vast plethora of remsetesing applications.

Algorithm efficiency shall always be present instiihD work, namely by designing and
implementing parallel algorithms in line with wdik7].

3 Plan of the Activities

This section schedules the PhD activities for atperiod of three years. The first year
will be mostly devoted to take courses from PhDtdi@d program in ECE. The core of
the research and scientific contributions will tgace in the second year and in the first
half of the third year. The second half part of tthied year will be devoted to the writing
of the thesis. These activities and a few expgeotecomes are detailed below.



First Year

» Coursesfrom the PhD doctoral programin ECE

The selected courses are consistent with lordatiaekground and are appropriate to
her general research area.

Course Y ear/Semester
Optimization 1°/1°
Dynamic Stochastic Estimation, Prediction 19/1°

and Smoothing

Inverse Problem in Signal and 1°/2°

Image Processing

Learning 1°/2°

Detection, Estimation, and Filtering 10/2°

* A report presenting a taxonomy of the hyperspectamixing, dimensionality

reduction, and parallel implementation of thes@algms.

» Development of programming skills on the matlab dbd/ENVI platforms.
Devliop an application in matlab and IDL oriented dompare and evaluate

unmixing and dimensionality reduction algorithms.

» Publishing two conference papers.

Second Year

e Research on minimum volume transform unmixing amgignature pursuit
denoising.



» Writing of the thesis proposal.

* Three conference papers and a journal paper.

Third Year

* Research on signature pursuit denoising and ariexft implementation.
» Writing of the PhD thesis.

» Three conference paper and a journal paper.
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