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(Spatial distribution of spectra is neglected)

e Spatial classification methods
(Spectral shapes of the voxels are neglected)

e Modeling for segmentation methods which account for both spatial and
spectral structures of the data
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Introduction to hyperspectral images
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Classification, segmentation and data reduction \

e Hyperspectral data : g(w,r)
— A set of spectra : g, (w)
— A set of images : ¢, ()

e Redundancy due to spectral and spatial structure

e Main objectif 1 : Find the type of materials in a given position (labeling)
— Classification

— Segmentation

e Main objectif 2 : Data reduction and compression

— ACP, ACI and using classification and segmentation for better

compression.

— Proposing a method which does data reduction and segmentation at the

same time. /
N
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Generating simulated data
Synthetic data 1:

|

4
4
P
F
4
4
4
4
Fl
4
4
A
4’:\
Fl
4
4
4
|
4
4
4
4
.l
|
4
4
o
d
4
4

4 classes, 32 images (64x64) /
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Generating simulated data
Synthetic data 2:

|
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8 classes, 112 images (128x128) /




.. Mohammad-Djafari & al. Journées ACI2M, Bordeaux 21-23 Novembre, 2006

s
Spectral classification methods

= =

Classification

D =K 1=

—e AT —

e Each spectral line is considered as a point in a vectorial space

<

e Different classification methods are used: K-means, mixture of gaussians, ...

e Spatial distribution of the spectra is neglected
N

/
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Spatial classification methods

Classification

%//

G Segmentation
_—e A=

e Fach image is considered as a point in a vectorial space

e Different classification methods are used: K-means, mixture of gaussians, ...

e Spectral structures of the image pixels are neglected J
N
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Modelling for accounting for both spatial and

spectral structures

gi(r)= filr)+e(r), i=1,---,M Segmentation:

g(r) =1{gi(r), i=1,M} — Hidden variables rep. regions

g(r) = f(r)+e(r) z(r)=k, k=1,--- | K

gi ={gi(r), r € R} Re=Ar : z(r) =k}, R=UyRy

g=1gi(r), i=1,M} — Homogeneity in regions:
\g=i+§ p(fi(r)|z(r) = k) = N(mip, 07 ) J
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Modelling for accounting for both spatial and spectral \

structures

gi(r)=fi(r)+e(r), i=1,---, M @
p(fi(F)](r) = B) = N (i, 07) =

Prior hypothesis about f;(r) : @
e Pixels values of f;(r) in (2
different regions of an image are independent.

They may share however the same parameters @ D

Oir. = (Mg, 07,,)

e For pixels values in a given region of an image,

two possibilities:

—iid:  p(fi(r)lzi(r) = k) = N(mj,, 0 2k)
)

; Rj,) = N(m;, 1, ‘7 I)
— Markovien: p(f;(r), Rj,) = N(mjk]-a ;)
N— /
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Modelling for accounting for both spatial and spectral

structures
gi(’l“):fi(T)—FEi(T), ’iZl,--- ,M

<

p(fi(r)|z(r) = k) = N(m,02,) _
Pixels along the channels represent spectra @ @

e A Markovien model for f;(r):

p(fi(r)|z(r) =k, fio1(r)) = N(Yir fioa1(r),07)) @ @
=

fit(r) =Virfi—1k(r) + 1m0 ~ AR(1)
Ck=a)
e A Markovien model for the means: @ @
=

p(fi(r)lzi(r) = k) = N(miy, 07

Mip = GpMi—1x + M~ AR(1)
N—_

/
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Modeling the labels \

p(fi(r)lzi(r) = k) = N(mj,, 07 ) — p(fi(r)) = > P(z;(r) = k) N(mj,,07,)

k

e Independent Gaussian Mixture model (IGM), where z; = {z;(r),r € R}
are assumed to be independent and

P(zj(r) =k) = pr, with Zpkzl and p(z;) Hpk

e Contextual Gaussian Mixture model (CGM): z; Markovien

p(zj) ocexp |ad > 6(z(r) - z(s))

| TER seV(r)

which is the Potts Markov random feild (PMRF).
The parameter o controls the mean value of the regions’ sizes. J
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Expressions of likelihood, prior and posterior laws \
g9i(r) = fi(r) + €(r)
g=fite, i=1-- M — g=f+e

e Likelihood: 6y ={02,i=1,---, M}, — X, =021

M M
p(glf.00) = ][ p(glf. B) = [ [N (£, Ze)
i=1 i=1

e HMM for the images: 02 = {(m;p,07,),5=1,---, M}
— Markovian model for f;|z:
M
p(i‘za 02) — p(fl|Z7 Mg, O-’LZk) Hp(fz|fz—17 2y M}, Jf?k)
i=2
— Markovian model for m;:

M
p(flz.02) = | | (filz,min, 07)
i=1

but  mi = dpmi—1 k + nik ~ AR(1) J
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e PMRF for the labels:

p(z) x exp

ad ) 8(z(r) - 2(s))

| TER seV(r)

e Conjugate priors for the hyperparameters 8 = (61, 0>):

0:{{0-67?77::17... 7M}7{(mik70-z'2k)7i:17"' 7M7k:17"'

D
p
p

(
(
(
(

p 06i>

= ZG(v0, Bio)

ML) :N((bkmz‘—lkaazzko)
0?.) =ZG(a0,0Bi0)
E’Lk) :IW(ai07AiO)

e Joint posterior law of f, z and 6

p(iv ZaQ‘g) X p(g‘ia 01) p(i‘za 02) p(Z|Oé) p(Q)

K}

<

/
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General MCMC sampling scheme

p(LZ’Q‘Q) Ocp(g|i791)p(i|Z792) p(z‘HQ)
o (11; p(g:l fi,01)) p(f|z,02) p(z|a) p(0)

e Compute any statistics such as mean, median, variance, ...

N—

<
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Comparison with classical methods

Classical

Observation model: no noise

gi(r) = fi(r)

Ind. Gaussian Mixture model:

p(fi(r)|z(r) = k) = N(mqy, 07))
z(r)lz(s), s#r,

p(flz) =11, p(filz)

No correlation in diff. channels:

N—

Proposed

% . .
Observation model: accounts for noise

gz(T‘) = fZ(T‘) + 67;(7"), T C R,

Hidden Markov Model:

) PP I2(r) = B) = Nmags o)
p(2) x exp |0 L per ey O(2(r) — 2(3))

p(flz) =11, p(filz)

Accounts for correlation in diff. channels:

Mk = GrMiyi—1;, + Nik

<

/
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Original
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6000
5000
4000 f /
3000
20001 [

10001
|

23




.. Mohammad-Djafari & al. Journées ACI2M, Bordeaux 21-23 Novembre, 2006

g )

DataOriginalKmeans1 Kmeans2BF Jsegment
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DataOriginalKmeans1 Kmeans2BF Jsegment

25



.. Mohammad-Djafari & al. Journées ACI2M, Bordeaux 21-23 Novembre, 2006

g )

DataOriginalKmeans1 Kmeans2BF Jsegment
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