Noise-adjusted non orthogonal linear projections for hyperspectral data analysis
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Abstract— Independent Component Analysis (ICA) and Projection
Pursuit (PP) are non orthogonal linear projection methods useful for di-
mensionality reduction of hyperspectral data cubes, in many cases more
interesting than the standard Principal Component Analysis (PCA) but
unfortunately not very robust to the noise. In this paper, the spatial
correlation information is taken into account in order to improve the
performances of both methods, following the ideas behind the so-called
Noise-Adjusted Principal Component Analysis (NAPCA). This leads to
the construction of two robust non orthogonal linear projection meth-
ods, respectively called Noise-Adjusted Independant Component Anal-
ysis (NAICA) and Noise-adjusted Projection Pursuit (NAPP).

I. INTRODUCTION

In order to analyze data such as high dimensionality hy-
perspectral images, a dimensionality reduction procedure is
usually used as a preprocessing step in order to reduce the
dimension of the support vectorial space, thus increasing the
capabilities of pattern recognition algorithms in a lower di-
mension subspace [1].

Principal Component Analysis (PCA) is one of the tech-
niques commonly used for this purpose. PCA is how-
ever only optimal for a multidimensional gaussian structure,
which usually does not follows the structure of real mul-
tispectral or hyperspectral data. Independant Component
Analysis (ICA) [2] and Projection Pursuit (PP) [3] are both
techniques which have been introduced for increasing the ca-
pacities of PCA in the dimensionality reduction procedure of
hyperspectral images [4] [5].

Both techniques are attractive, mainly because they allow the
constraint of orthogonality of PCA to be relaxed, thus pre-
serving a maximum amount of information in the projection
subspace. However, ICA and PP are very sensitive to the
noise, generally leading to noisier transformed components
than the components computed from a PCA on real data.
Following the ideas of the so called ‘“Noise-adjusted Princi-
pal Component Analysis” (NAPCA) [6] (or equivalent “Min-
imum Noise Fraction Transform” MNF [7]), we propose to
adjust both ICA and PP to the noise by first separating the
signal and noise subspaces thanks to the spatial structure of
the signal, then performing the transformations in the sig-
nal subspace. The process leads to the signal to noise ratio
(SNR) of the computed components to be largely increased
in the projection subspace. Orthogonality constraint of PCA
is then relaxed, while robustness to the noise is ensured.

II. ORIGINAL NON ORTHOGONAL LINEAR PROJECTIONS
A. Independent Component Analysis

ICA is a multivariate data analysis process designed by
signal processing research teams in the field of blind source
separation [2]. It consists in projecting random vectors in a
space where the new components are statistically indepen-
dent, while PCA restricts the projected components to be
uncorrelated. ICA, based on the concept of statistical inde-
pendence which takes into account higher order moments,
thus has stronger statistical properties than PCA, which only
takes into account the second order statistics of the data. The
method is based on the optimization of an independence cri-
terion between the observed signals and leads to a non or-
thogonal linear projection of the data.

The model of ICA states as: x = As; with x: vector of ob-
served signals; A: scalar matrix of mixing coefficients; s:
vector of source signals.

The goal of ICA is to find the linear transformation W =
A~1 50 that the sources § = Wx can be estimated from the
observed vector x by optimizing a statistical independence
criterion.

It should be noticed that a strong relationship exists between
statistical independence and non gaussianity. The Central
Limit Theorem states that the sum of /V independent random
variables tends in law towards a gaussian distribution when
N tends to infinity. The corrolary of this theorem states that
the sum of two independent random variables has a “more
gaussian” distribution than any of the initial random vari-
ables. The estimation of the independent components thus
consists in finding the weights of the matrix W so that the
vector § = Wx has the “least gaussian” components. Hence,
the computing strategy consists in finding projections by op-
timizing a practical gaussianity measure.

Fast-ICA algorithm [8] has been adapted to hyperspectral
data analysis and used in our simulations [4].

B. Projection Pursuit

PP is multivariate data analysis process originally de-
signed with the aim to vizualise and understand a high di-
mensional data structure in a space of dimension lower than
3 [3]. It consists in finding “interesting projections” accord-
ing to a quantitative index to be defined. Following the corol-
lary of the Central Limit Theorem which states that any linear
combination of random variables leads to a more gaussian
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distribution than the original ones, the projections revealing
the least gaussian distributions have been shown to be the
most interesting ones [9]. It should be noticed that PP is
closely related to ICA which also searches for least gaussian
projections. However, a major difference exists in the sense
that ICA simultaneously searches for the directions where
all the projected components are the “most independent” and
hence does not privilegiate any direction among others. In
opposition, PP sequentially searches for monodimensional
least gaussian projections. Once a direction is found, data
are projected onto the subspace orthogonal to the latter and
so on. PP thus has ordering capabilities, while ICA does not.
As for ICA, Fast-ICA algorithm [8], has been used in our
simulations. However, unless Fast-ICA used for ICA, Fast-
ICA used for PP sequentially finds monodimensional projec-
tions by using a deflation scheme instead of a global opti-
mization scheme.

III. NOISE-ADJUSTED PROJECTIONS

A. Noise-Adjusted Independent Component Analysis

Following the idea behind NAPCA [7], we propose to add
a noise component N(x) uncorrelated with the signal com-
ponent S(x) to form the n-dimensional image model I(x) (x
represents the 2-D spatial position vector):

I(x) = AS(x) 4+ N(x) with : I7 (x) = {I1(x), ..., [.(x)}

The noise covariance matrix needs to be estimated and is
then diagonalized in order to compute the transformation ma-
trix allowing the noise to be spectrally uncorrelated with unit
variance (identity noise covariance matrix). This transfor-
mation is applied to the data, to adjust the data to the noise.
ICA being equivalent to searching for privilegiate directions
in the joint distributions space, this preprocessing step pre-
cisely consists in removing the directions induced by the
noise. Noise being now spherical, only the signal subspace
contributes to the search of the projection directions by ICA.
The practical method rises from those concepts:

1. Estimation of the noise covariance matrix Ryn;. If we as-
sume that spatial autocorrelation of the signal is high com-
pared to the noise’s one, the noise component N can be esti-
mated by computing the mean of the differences in the hori-
zontal and vertical neighbours in the original image I:

1

Nij =5 (L
From N; ;, the covariance matrix Ry is computed. This es-
timator is very simple and should be computed on homoge-
neous regions of the image so that the assumption of strong
signal autocorrelation with respect to the noise’s one is re-
spected. More robust noise estimators can also be used.
2. Diagonalization of Rn. The eigenvectors matrix £ and
the eigenvalues matrix An of Ry are computed so that:

—Lijr1) + (Lij — Liv1j)

ETRNE = AN

3. Computation of the transformation matrix F' :
F=EAS?

with FTRNF = Idand FTF = A;Il (Id : Identity matrix)
4. Noise-Adjustment of the data:

T4 = F"(I-m) with: m :mean vector of I

5. ICA on the noise-adjusted data: Ixa;ca = Wi,y with
W transformation matrix from ICA.

It should be noticed that if the dimension is reduced, NAICA
is equivalent to remove the noise subspace, and to carry out
an ICA in the signal subspace. This shows the potential ro-
bustness of the method to the noise.

B. Noise-Adjusted Projection Pursuit

The same image model as the one used in NAICA, in-
cluding an additive noise component uncorrelated with the
signal component, is used in NAPP. The strategy is also the
same: data are first noise-adjusted thanks to the diagonaliza-
tion of the noise covariance matrix. Least gaussian directions
are then searched by PP in the noise-adjusted data. As for
NAICA, noise being spherical, only the signal subspace con-
tributes to the search of the projection directions by PP. The
practical method rises from those concepts:

1. Estimation of the noise covariance matrix Ry;.

2. Diagonalization of Rxn and computation of the transfor-
mation matrix F.

3. Noise-Adjustment of the data: I,4; = F7 (I — m)

4. PP on the noise-adjusted data: Inapp = Wl,q; with W:
transformation matrix from PP.

It should be noticed that if the dimension is reduced and as
for NAICA, NAPP is equivalent to remove the noise sub-
space, and to carry out a PP in the signal subspace. This
shows the potential robustness of the method to the noise.

IV. QUALITATIVE COMPARISON OF THE METHODS

A 2 meters ground resolution hyperspectral image from
the airborne CASI sensor including 17 spectral bands from
445 to 895 nm has been used for simulation purposes (false-
colour RGB composition on Fig. 1a). In order to test the ca-
pabilities of the methods, a multidimensional, gaussian (cen-
tered, relative large variance compared with the dynamics of
the image), spatially white and spectrally correlated noise has
been added to the image (false-colour RGB composition on
Fig. 1b). False-colour RGB compositions of 3-dimensional
projections from the 4 methods (ICA, NAICA, PP, NAPP)
are shown on Fig. 1c to Fig. 1f. It should be noticed that
both ICA and PP are very sensitive to the noise and that SNR
of images from NAICA and NAPP are largely increased.

V. QUANTITATIVE COMPARISON OF THE METHODS

Performances of projections are evaluated thanks to a sta-
tistical supervised bayesian (gaussian) classification carried
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out in 2 to 10-dimensional projection subspaces. The same
original image as in the previous paragraph is used (without
the noise). 10 classes are defined from ground truth (GT) and
3 sets of different training samples are selected: 10 samples
per class, 20 samples per class, totality of the samples avail-
able. Fig. 2 shows the evolution of the classification rates
after each method. The Hughes phenomenon [1] strongly
appears: if the training samples data set is too small, the
classification rate falls when the dimension of the subspace
increases; The classification rate presents an asymptotic be-
havior only when the training samples data set is significant
with respect to the dimension of the space. ICA and PP lead
to low classification rates, mainly because of the noisy pro-
jected components. Noise-adjustment contributes to increase
largely the classification rates. It should be noted that ICA
and PP, even if they lead to different projected components,
have the same joint probability density function, except for a
rotation. In the case of the bayesian classifier used here, they
thus lead to the same classification results. The same applies
to the pair constituted by NAICA and NAPP.

VI. CONCLUSIONS

Noise-adjustment of non orthogonal linear projection
methods has been proposed. Comparisons showed that
NAICA and NAPP lead to higher SNR new components than
original ICA and PP, and are moreover able to capture non or-
thogonal structures in a hyperspectral data cube, unless PCA
ou NAPCA. They are thus very useful for many further im-
age processing tasks.
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