Hyperspectral Image Segmentation
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Abstract— The Hidden Markov Chain (HMC) model has or hyperspectral data cube. The segmentation is based on the

been extended to take into consideration the multi-component estimation of generalized mixture of multi-dimensionalsa
representation of an hyperspectral data cube. Parameters es

timation is performed using the general lterative Conditional 1. HIDDEN MARKOV CHAIN MODEL
Estimation (ICE) method. The vectorial extension of the model
is straightforward since the vectorial point of view joints the In the context of HMC model, the remotely sensed data is

observation of each pixel as a spectral signature. Then, the seg considered as moisy observation from which the segmentation

mentation procedure achieves an estimation of multi-dimensional has to be found. The 2D observation is first transformed into
correlated probability density functions (pdf). Multi-dimensional )

densities have been estimated by a set of 1D densities through® 1D chain through a Hilbert-Peano scan on the image [10].
a projection step that makes component independent and of When the observation is an hyperspectral data cube, the
reduced dimension. Hilbert-Peano scan is applied spatially in order to yieldhain

Classifications have been applied to an image from the CASI that contains each pixe} (i.e. each spectral signature) along
sensor including 17 bands (from 450 to 950 nm) representing the scan.

an intensive agricultural region (Brittany, France). Since, the
intrinsic dimensionality of the observation has been estimated .
to 4, the multi-component HMC model has been applied to the A. Overview of the scalar case

CASI image reduced to 4 bands through an adapted projection |t is considered that observatiopswhich are the pixels of
pursuit method. the image, are the noisy realization of a random proc€ss
that takes its values i = {wy,wo,...,wk}, K being the
|. INTRODUCTION number of classes expected for the segmentation.

Several methods may be considered when the link between

Texture analysis plays an important role in image analysis, i : ) )
. : tionY” and segmentatioX (i.e. P(X,Y")) is known.
Various methods for feature extraction have been propase ?]_sgrva . L
prop it is not the caseP(X,Y’) has first to be estimated. Here,

the literature. Nevertheless, texture analysis remairiffiaudt . is supnosed thalk is a stationary Markovian process and
problem and even more when applied to color, multi- d} Ir muptpr timati In i hli v dy i I\gE ? rithm. 111
hyperspectral images where each pixel takes its values ir?%a eters estimation IS achieved using -t aigorithr [ . ]
o . he ICE procedure is based on the conditional estimation
multi-dimensional space. . i
of some estimators from the complete datay). It is an

Most feature extraction methods relies on the assumptign _ . . .
. .y ._lterative method which produces a sequence of estimatibns
that texture can be defined by the local statistics of pixe TN o )

parameter® as follows: 1) initialize#®; the first guess of

levels. First-ord isti be derived fromitital
grey 1evels. First-order statistics may be grived from X is achieved by a fuzzy C-means segmentation. 2) compute
histogram and used as texture characterization [1]. Nesert PSR P - A , ;
less, second-order statistics are required to outperfertute * = E {G(X’ Y)IY =y|, whered(X,Y) is an estimator of
description. The popular co-occurrence matrix [2] may bedusf- Usually, ICE is stopped wheff*! ~ §9. The parameters
as an efficient tool for texture-based segmentation [3]; bfitto estimate are of two kinds:
some other techniques have been proposed with success: d¢) the set II that characterizes the stationary

scription through wavelet coefficient statistics [4], thaufov Markov Chain X: the initial probability vector
Random Field [5] or Markov Chain [6] models, fractal-based 7 = (P(X =wq),...,P(X = wk)) = (Twyy - Twx)
techniques [7], or multi-fractals [8] have been widely s&ad and the ftransition matrix A of components

and applied on remotely-sensed images. Some filteringdbase  P(X = wi, X = w;) = dupyw, (1 < k, £ < K).

techniques may also be defined [9] to characterize the neigh- In an ICE iteration, the expectation of those parameters

borhood of each pixels. can be evaluated analytically along the Hilbert-Peano
In this paper, a multi-component Hidden Markov Chain chain by using the normalized Baum’s Forward and

(HMC) has been developped for the segmentation of multi-  Backward probabilities [12].



2)

the mixture parameters se&k that characterizes the I11. DIMENSION REDUCTION AND INDEPENDENCE

;bse:\éaifg (fzoz;uzzg]n Cé;?e];: ilsj(c):gr)rf o:sg(}jk)ofo fmrggns It is known that pattern recognition algorithms have poor
a“r’]’a' variances: by using the Pearsor?’s svstem of dist(r:ﬁlpabilities in large dimension spaces but their perfocaan
butions [6], A ’nei/ads tr?e four first momgnts for eac are largely improved in lower dimension. In the study, salver
df ' r?inear projections (such as Principal Component Analysis —
Ieor. those parameterg?*! is not tractable. But it can PCA-, Maximum Noise Fraction Transform —MNF-— or its

0S€ P ’ -~ . equivalent as Noise Adjusted PCA, Projection Pursuit —PP-)
be estimated by empirical mean of several est|mat|og§]d some non-linear projections (such as Curvilinear Com-
according tof?tt = 1" 0(zf,y), wherez! is ana . bro) - ) :

- L&t e ponent Analysis —-CCA- or Curvilinear Distance Analysis —
posteriori realization of X conditionally onY'.

CDA-) have been evaluated [13].

Finally, the restoration (that is estimation &) is achieved  Those transformations are used in order to reduce dimen-
by using the Maximuna Posteriori Mode (MPM) Bay65|an Siona"ty with Specific point of view:

segmentation rule.

PCA: the transformation is linear and orthogonal. Compo-
nents are ordered by axes of decreasing variance. The

B. Integration of multi-component observations transformation matrix is evaluated by diagonalizing

In the case of the segmentation of hyperspectral data cube,
observationY” is becoming a multi-dimensional random vari-
able.
hyperspectral cube. Then, realizatiap®f Y take their value

in

Then, pdf f,, (-) are becomingM-dimensional distribu-
tions to be estimated. Unfortunately, components of spkctr
signatures are very correlated and cannot be considered as
independent. In order to make the estimationfgf(-) easier
by consideringM estimations of independent 1D pdf, several

covariance matrix. Nevertheless, it appears that the
components of smaller variance still contain interest-
ing structural information.

NF: the transformation is based on an estimation of spa-
tial noise before applying PCA-like transform. This
transformation is interesting since components are
ordered in signal-to-noise ratio and the components
of smaller SNR do not contain anymore structural
information. In this NA-PCA, the fioise” is defined
as the spatial gradient in horizontal and vertical

The dimensioi/ is the number of spectral bands of the

transformations are applied to the observafién directions. C
PP: the transformation is non-orthogonal and the com-

1) Dimension RedUCtion, in order to prevent from the ponents are becoming independent and ordered rel-
Hughes phenomenon and to make estimations of the atively to a criteria of non-gaussianity.
pdf more accurate (see section Ill). The transformed NAPP:this non-orthogonal transform is an extent of the PP
observation becomes of dimensidf’. by considering the same strategy as the MNF which

2) Independent Component Analysis (ICA) of the projected is an extent of PCA, that is fully described in [14].
observation. Thus, the pdf(y), where y has been It yields independent components that are ordered in
transformed by ICA, becomes &/'-dimensional dis- signal-to-noise ratio, but the initial data has first been
tribution with self-independent components, f(y) = transformed in order to decorrelate the signal from
0571 fon (Ym)- the spatialnoise.

3) Principal Component Analysis (PCA) applied on the CCA: this non-linear projection takes a geometrical point
data before estimation of,, (y), so that theM’ com- of view to project the data into a smaller dimension
ponents off,,, (y) are becoming uncorrelated. space. The benefit of this approach is to take into

The first two steps may be viewed as pre-processing before consideration the topology of the data points.

applying HMC segmentation and will be considered together CDA: this non-linear projection is very similar to the CCA
as explained in the next sectiofi(y) is then considered of but uses local topology (a distance evaluation that is
smaller dimension (that suits natural statistic estinmejand not quadratic anymore but follows the links between
of independent components. But decorrelation does notidu data points themself) to build the projection system.
independence ang,, (y) is not of independent components It induces projections that fit geometrical characteri-
even if it is the case fo (y). Actually, it will be considered zation of clusters and does not prove to have benefit
as independent antl,, (y) will be estimated with\/’ 1D pdf. with statistical clustering technique.

It should be possible to apply ICA for each estimation AAll those transformation techniques have the same goal of
fu, (y) at each iteration of the ICE algorithm; but, ICA is aeducing data but the means used induce specific behavior
non-orthogonal projection that tends to yield multi-mode- relatively to HMC-based segmentation. CCA and CDA are
tributions (actually, non-gaussianity acts as an indepeoé non-linear projections that are based on the preservation o
criteria) that makes ICA procedure not converging. Althougthe local topology. Those induce multi-component gfdi)
not rigorous, it makes sense to estimgtg (y) through a to be of multi-modal densities for which the characterizati
PCA at each iteration of the ICE algorithm, knowing thalby mixture of laws of Gaussian densities or from the Peasson’
componentsf(y) have been made independent first. system of distributions is not relevant. Actually, it appea



and a more homogeneous characterization of the classes.

V. CONCLUSION

In this work, we described an extent of a HMC model
for the unsupervised segmentation of hyperspectral ddia.cu
The extension of the HMC model to multi-component data
is almost straightforward. However, one difficulty ariesnfr
the estimation of non-gaussian multi-dimensional noistridi
bution. Here, we have considered the mixture parameters as
independent through the true independencef@f) compo-

Fig. 1.  Original CASI image and the mutli-component Markov @hai N€Nts and through the uncorrelation £f, (y) components.
segmentation. An illustration of the segmentation of CASI image proved the
interest of the method.
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Fig. 2. Segmentation of the CASI image, reduced by NAPP, with 8
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likelihood.



